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Abstract

‘We present a protein fold recognition method that uses a
comprehensive statistical interpretation of structural Hid-
den Markov Models (HMMs). The structure/fald recogni-
tion is done by summing the probabilities of all sequence-
to-structure alignments Conventionally, Boltzmann statis-
tics dictate that the optimal alignment can give an estimate
of the lowest free energy of the sequence coiformation im-
posed by the structural model. The alighment i optimized
for a scoring function that is interpreted as a free energy of
an amino acid in a structural environment. Near-optimal
alignments are ignored, regardless of how likely they might
be compared o the optimal alignment. Here we investigate
an alternative view. A structure model can be seen as a sta-
tistical representation of an ensemble of similar structures.
The optimal alignment is always the most probable, but
sub-optimal alignments may have comparable probabilities.
These sub-optimal alignments can be interpreted as optimal
alignments to the “other” structures from the ensemble or
optimal alignments under minor fluctuations i the scoring
function. Sumrning probabilities for all aligniuents gives an
estimate of sequence-model compatibility. We have built a
set of structural HMMs for 188 protein structures, and have
compared two methods for identifying the structure compat-
ible with a sequence: by the optimal alignment probability
and by the total probability. Fold recognition by total prob-
ability was 40% more accurate than fold recognition by the
optimal alignment probability.

1 Introduction

Protein fold recognition methods quickly evolve into viable
teols that help to deduce the protein structure and function
13). The ultimate goal of a fold recognition method is to
predict the protein structure by identifying the correct fold
{structural template) among already-solved protein struc-
tures or models and aligning the protein seqence correctly
onto the structural model.

Most fold recognition methods use Boltzmann statistics
to interpret probabilistic scoring functions {16, 3, 4, 18, 5, 11,
22, 19, 23, 21]. A sequence-to-structure alignment is evalu-
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ated by a scoring function, and the score of the alignment is
interpreted as the “free energy” of the sequence in the con-
formation imposed by the alignment. This interpretation
dictates that the most probable sequence-to-structure align-
ment is the one with the lowest “free energy”. Thus deter-
mination of the compatibility of the structure model with a
given sequence is based on the value of the probability of ob-
serving the sequence given the structure model and the op-
timal alignment P(seq|Model, optimal — alignment). Here,
we investigate a fold recognition method that evaluates the
sequence-model compatibility using the sum of probabilities
of all sequence-to-structure alignments. The mathematical
justification of such method was discussed previously for
HMMSs [26] and in general terms of a threading approach
to protein structure prediction [8, 7].

The usual approach to the fold recognition problem ig-

nores the well-known fact that the optimal sequence-to-structure

alignment is rarely the correct one [16, 10, 17]. This is
true for predicting the alignment of the sequence to jits na-
tive structure model as well as for predicting sequence-to-
structure alignment for hemologous and structurally similar
proteins. Usually the correct/native alignment is subopti-
mal but nevertheless has a probability comparable to the
probability of the optimal alignment. This situation reflects
two facts about the mathematical models of protein struc-
ture and structure prediction by threading. First, scoring
functions that are used to evaluate sequence-to-structure
alignments are statistical approximations of the “true” scor-
ing function or “free energy”. In consequence, the set of sub-
optimal alighments should be seen as a set of optimal align-
ments under expected minor fluctuations in the scoring func-
tion. Second, a structure modet should be seen as a statisti-
cal representation of an ensemble of similar structures or ex-
pected variations about a unique fold topology. A set of sub-
optimal alignments can be interpreted as optimal alignments
to structural variants of the same fold. According to the the-
ory of Hidden Markov Models {HMMs), summing probabil-
ities for all sequence-to-model alignments gives the rigorous
probability of observing the sequence given the structure
model P(seq|Model) [26].

In our approach, the structure is modeled as a Discrete
State Model (DSM) [26, 25], that is mathematically repre-
sented as an HMM. This is a linear representation of the
3D protein structure that is essenfially equivalent to a set
of structural profiles [2]. The distinction between a DSM
and an HMM is that the state transitions are restricted to
a minimal set and transition probabilities are designed to
have a minimal bias. Other Hidden Markov Models for pro-
tein structure prediction or fold recognition were propesed



vecently [14] Those HMMs are constructed frone a generic
HMM module. Subsequently, the generic HMM ix trained,
using a set of protein sequences that adopt similay 3D struc-
tures, to represent a unique structural fold. The HMMs that
we propose here are not trained but are built divectly from
the 3D protein structures deposited in the PDB [1]. Models
are build using an automatic. analysis of protein structures.
For each representative of a unique structural superfamily,
as defined in the SCOP database {12}, we build a unique
Hidden Markov Model. Hidden states of the HMM repre-
sent states of structural positions. These states encode the
secondary structure and the level of solvent exposure of a
structural position. Each hidden (structural) state in the
model is characterized by the amine acid preferences for
this state. Hence, each HMM can be interpreted as a set of
structural profiles.

The advantage of the HMM representation over the struc-
tural profile representation is the simple encoding of the
structural variations observed among structures with the
same fold. This variations are usually the variable length of
the secondary structure elements and alternative loop types
(tight turn, turn or coil) or loops with variable lengths con-
necting the secondary structure elements.

Since structure models that are derived from determined
protein structures are not independent, a large fold model
library requires a method that systematically aldresses the
problem of hierarchical classification of protein structures
(structure models). Thus when calculating the posterior
probabilities, P(Model|seq}, which involves the normaliza-
tion over all models from the library, one needs to account
for the similarities among models at each level of the hi-
crarchy. Here we employ the SCOP structural hierarchy.
For example, for a fold represented by twn superfamilies
cach populated by four structural families, the prior prob-
abihty for each family model would be P(AModel) = 4 x 2
The posterior probability of observing a particular struc-
ture model given the sequence is defined accurding to Bayes
rele P(Modellseq) = P{Model) x PlseqiModel}/P(seq).
[n fold recognition methods, the posterior normalization of
the structure model probabilities avoids overessinmating the
probability of observing a structural fold that is represented
by many structure models when compared to the probability
of the fold that is represented by only one strucgure model.

In a set of experiments, we compared the performance
of two fold recognition methods. The first method identi-
fies the best structure model for a sequence using the prob-
abihty of the optimal sequence-to-model alipnment. The
second method identifies the best structure model for a se-
quence using the total sequence-to-model aligninent prob-
ability. Our results demonstrate that the total probability
method predicts the structure model compatible with a se-
quence 40% more accurately than the optimal alignment
probability method. For both methods we wsed the hierar-
chical posterior normalization of structure madel probabili-
ties.

2 DSM Structure Models

We constructed our DSM library by selecting 188 protem
structures from the SCOP database [12]. ‘Thuse proteins
have less than 40% sequence identity between any pair. From
the original set of protems classified in SCOI' (release
pdb40d.1 38), we eliminated structures identifier] as irreg-
ular, engineered or membrane protems. We adlditionally re-
stricted proteins to one representative per SCOI structural
superfamily and required that each protein he a single strue-
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Figure 1: Encoding of a structure from the PDB into DSM
modules. Each structural element is represented by a build-
ing module: strand, helix or loop. The internal parame-
ters of each module, like the number and type of hidden
states and transition matrix probabilities, are derived from
the structural information as described in text.

tural domain. The PDB identifiers for all the structures are
given in Table 2.

Each DSM is represented by three matrices: ¢, H and
x1. The transition matrix @ helds the conditional probabil-
ities ¢{s|s’) of passing from any structural state s’ to to any
other state s. The matrix H holds the conditional proba-
bilities k(a|s) of emitting an amino acid a by a structural
state s. The initial state-distribution matrix x; is a vector
holding the prababilities x; () that the Markov chain starts
in any state s at the beginning of the sequence.

Our structure models comprise positions that have the
secondary structure (SS) assigned by DSSP [6] as helix or
strand. One-regidue kinks In helices are smoothed over and
assigned helix secondary structure. The distance between
the end positions of consecutive secondary structure ele-
ments is recorded and used to determine if a tight turn
or beta turn loops are geometrically possible connections
between consecutive elements. Structural positions are con-
structed from the backbone atoms and the beta carbon (Cj3)
or modeled Cy for the positions occupied by glycine in the
native structure. Each structural position environment is
described by 1ts secondary structure and Eisenberg-like sol-
vent exposure of the position [2]. Solvent exposure is calcu-
lated for the peoly-alamne chain and is independent of amino
acids present in the native structure. Using the solvent expo-
sure value we define three solvent exposure states: buried,
partially buried and exposed. Thus we have six types of
structural states for positions in helix or strand. The possi-
ble loop states are: tight turn {two residue loops), beta turn
(four residue loops) and coil, loops longer than four residues.



An additional complication for the melel building is
posed by the fact that many protein structures are solved
as a complex of a protein bound to a cofactor. 1 he cofactor
mavbe the same protein {as in dimeric proteins), another
protein, or a non-protein compound. Cofactors are often
hulky and the sclvent exposure pattern of o proton struc-
ture may differ substantially when 1t is considered alone or
with a cofactor bound. Thus for some of the 188 single do-
mamn proteins from our list we have build more than one
DSM. H the protein structure is present inc the PDB as a
dimer then two models were buillt one wirk the solvent
exposure caleulated for a dimeric structure and the second
with the splvent exposure calculated for a manomeric stroc-
ture. The number of constructed muodels 1s grezier than two
when there was more than one cofactor bonne ta the pro-
tein. Using thns procedure we generated 350 1DSMs from 188
protein structures.

These IXSMs are built directly from protein structures
deposited in the PDB by representing the stru tural posi-
tions as hidden states. An encoding of structural elements
onto a DSM is shown in Figure 1 The secowdary struec-
ture element, a A-strand or an a-helix, with n structural
positions 15 represented as a strand or helix module. Each
module of this top level DSM is itself a DSM that starts
and ends with a connector state. The connector ~tate is an
aming-acid-nonemitting hidden state. The trausition proba-
bilities between consecusive modules “end” and “start” con-
nector state is set to one. The observed variations among
homologous structures are encoded by allswmg an exten-
sion/deletion of the secondary structure by one position.
An example of a strand module is shown in Fisure 2. A he-
lix moduale is constructed in a similar manner. The possible
loop length variations are encoded in a generic loop module.
A prior, three loop types are equally likely to connect any
two vonsecutive SS elements: a tight turn, a beta turn and
a random coil. However, the analysis of the sbserved loops
indicates that if the distance between the end of the first
55 clement and the beginming of the following one is greater
than 4 3A no tight turn is possible. When the distance is
greater than 10 5A no beta turn is possible. Thus relative
weometry of neighboring S5 elements determines the possi-
ble loop types for a particular structure model. The loop
module is shown in Figure 3.

The conditional probabilities of observing different amino
acids given the structural state of the residue position are ob-
tained from statistics on a large set of representative struc-
tures {see Table 1). These probabilities are independent of
a particular structure being modeled. The transition prob-
abilities fromn one structural state to another are selected to
equalize likelihoods among the expected variations in the ho-
mologous structures. Thus the probability of the SS element
having the same length as the native structure is modeled
by a transition probability of 1/3, the shortening of a SS
element by one position has a probability of 1/3 and the ex-
tension of a 5SS element by any one of three solveut exposure
states has a probability of 1/3 (see Figure 2). This ¢ prion
assignment of the transition probabilities differs from the
usual HMM building approach where the trausition proba-
bilities are tramed using a set of representative structures
and proteins. Training DSMs is presently not feasible since
for many folds only one representative structure is available.

3 Posterior Probabilities of Madels

The fold recognition problem can be stated simply as find-
g the posterior probability of observing a structure maodel
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Figure 2: A DSM strand module created from a strand of
length n. Structural hidden states for strand are represented
as triangles. “Si” denotes the solvent exposure state of the
1-th strand position in the native structure. “Se” denotes
an extension of the strand by exposed strand position. “Sh”
denotes a buried strand position and “Spb” denotes a par-
tially buried strand position. Arrows connecting states rep-
resent the nonzero transition matrix elements and numbers
assigned to each line represent the transition probabilities
The arrows with no numbers associated with them have a
transition probability equal to one.

given the query sequence: P(Modellseq). All competing
structure models define a model library. Two probahilities
for observing a sequence given a model can be calculated us-
ing well known algorithms [25, 15] First,
P(seq|Model, optizul — alignment) is the probabihty of ob-
serving a sequence given a model and an optimal sequence-
to-model alignment (optimal path through the HMM). In
HMM terminology, the algorithmn that finds the optimal
alignment, the most probable path, is called the Viterbi al-
gorithm {24]. For all practical purposes the Viterbi algo-
rithm is equivalent to the dynamic programming aligninent
algorithms [20]. The aptimal abgnment. probabibty can be
interpreted as the mimmal * free energy” of the sequence
in the conformation defined by the optimal alignment or
path through the model. Second. P{seq|Madel} is the total
probability of observing a sequence given all possible align-
ments or paths through the model. In HMM terminology,
the algorithm that caleulates the probability summed over
all sequence-to-model alignments is called the Filtering al-
gorithm [25, 15]. Mathematically, the P(seq|Model) gives a
rigorous probability of ohserving a sequence given the struc-
ture model [26]. We use the implementation of the Viterln
and the Filtering algorithms as described in [26, 25].

The posterior probabilities of observing a model given
the sequence are calculated according to the Bayesian for-
mula-

P(seq|Model* ) P(Model)

P(Model|seq) =
P(seq)

(1)

Where P{seq|Model") mdicates that we may use either the
optimal alignment probability or the total alignment prob-
ability. P{Maodel) is a prior probability of observing the
Afoedel. The prohabilities are normalized according to the
equation



Figure 3: A generic DSM loop module. Three types of loops
connecting the secondary structure elements are possible:
tight turn (T:), beta turn (Tz) and coil or irregular loop
{C). Arrows connecting states represent the nonzero transi-
tion matrix elements and numbers assigned $¢ each arrow
represent the tramsition probabilities. The arrows with no
numbers associated with them have a transition probability
equal to one. The transition probabilities P{T,) - the prob-
ability of a tight turn, P(Tg) - probability of a beta turn or
P(C) - probability of coil are determined from the geometry
of consecutive S8 elements. If all three loops are possible
P(T.) = P(T3) = P(C) =1/3. If tight turn is not aliowed
= P(Tg) = P(C) = 1/2 and P(T;) = 0. The transition
probabilities P(N), 1-P{N) for a coil loop states are set to
represent a uniform loop length distribution between mini-
mal loop length L., and maximal loop length L.n4.. The
loops can be extended beyond the maximum length Lae
with the exponentially decreasing probability. When only a
coil loop is allowed, the minimal loop length is determined
by the distance between the ends of consecutive S8 elements,
otherwise it is set to four when additionally a beta turn is
allowed, and it is set to two when a tight turn is also al-
lowed. When the native structure loop is shorter than ten
residues, Lmqz is set to ten. Otherwise Loqe 18 equal to the
length of the native structure loop. The N- and C-terminal
loop modules have the P(T,) = P{T3) = 0. The N- and C-
terminal loop module can have zero length, begin as a coil
or begin as an amphipathic alpha helix at lrast 5 residues
long, each with probability 1/3. The loop module does not
contain any information about the sglvent exposmre of loop
positions.
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P(Model|seq) =1 (2)

2

Model€ Library

The prior probabilities P(Model) for each structure model
in the library are assigned following a structural classifi-
cation hierarchy. In our library we have models belong-
ing to one of four structural classes: a, 3, a/F or a + 8.
Each class is assigned a prior probability of 0.25. Each
class is represented by a number of SCOP structural folds
= $tfolds/class. Each fold is represented by a number
of SCOP structural superfamilies = #super families/ fold.
Each superfamily is represented by a number of SCOP struc-
tural families = # families/super families. Each family is
represented by a number of Discrete Space Models belong-
ing to the family = #Models/ family. Our library contains
multiple models that were constructed from the same PDB
entry with differences between DSMs resulting from alterna-
tive solvent exposure estimates, as was described in section
2. Thus even if there i3 only one PDB entry representing a
SCOP superfamily, a structural superfamily may be repre-
sented by more than one DSM. The prior probability of a
DSM classified by its class, fold, superfamily and family is:

e 1 1
P(MOde',’) = (.25 x Ffolds/class X Fsuper famihies/ fold

1
X F#fomilies/auper famly

1
X wrrertsifemiy 3)

Using the hierarchically assigned model priors we can
rigorously answer the following question: What is the prob-
ability of observing a unique structural superfamily given a
sequence? The posterior probability of observing a unique
structural superfamily given a sequence is'

>

Model€ familiyEsuper famly

P(super familylseq) = P(Modellseq)

@)
Analogous equations apply for the posterior probabilities
calculated for any level of the structural hierarchy: class,
fold, seperfamily or family.

We use a simple binary decision approach: either one
model is preferred in comparisen to all others or not. Thus
as fold predictions we accept only the top folds/models with
a posterior probability greater than 0.5.

4 Fold Recognition Experiments

We compared two alternative methods of fold recognition.
In the first, the Viterbi method, we used the value of the
optimal sequence-to-model alignment probability as calcu-
lated by the Viterbi algorithm. In the second, the Filtering
method, used the value of the total probability as calcu-
lated by the Filtering algorithm. For both methods we used
the hierarchical prior model probabilities to calculate the
normalized posterior probability values and to make a fold
prediction.

In the first set of experiments we calculated P(famaily|seq),
the posterior probability for each structural family, for 188
native sequences on 350 DSMs from our library. The results
of the fold prediction results for the Viterbi and for the Fil-
tering method are presented in Table 2. The posterior prob-
abilities of observing a structural family given the sequence
were normalized according to equations 1, 2 and 3. With the
Filtering fold recognition method, 152 out of 188 sequences



ranked the native structurat family with the highest prob-
ability. With the Viterbi fold recognition method, 110 out
of 188 sequences ranked the native structural fanily with
the highest probability. The “acceptable” predictions with
the top structural family having the probability of at least
0.5 had resulis as follows. For the Filtering fuld recognition
method, there were 161 predictions and 145 were correct - a
90% success rate. For the Viterbi fold recognition method,
there were 168 predictions and 107 were correct - 4 64% suc-
cess rate. These results demonstrate that the Filtering fold
recognition method is 40% more accurate than the Viterbi
fold recognition method.

It may seem surprising that the native nodel recogni-
tion by Filtering has an accuracy of 90% nnly. For most
recent fold recognition methods self-recognition is an easy
task because all of the currently evaluated fold recognition
methods [13] use scoring functions that include a measure
of sequence similarity between the query and the native se-
quence of model. Clearly, for thoese fold recognition meth-
ods the self-recognition is not a challenge aud the ultimate
test is a structural homolog recognition. Analogously, it was
demonstrated for DSMs [27], that even minimal information
about the native sequence of the model greatly improves dis-
tant homolog recognition. However, the self-recugnition is
not 100% accurate for fold recognition methods that do not
include any native sequence information in the model. This
18 true even when additional structural information about
the amino acid dependent solvent exposure, the native po-
sitions of side chains and contacts between side chains is
included [9}.

In the second set of experiments, we tested performance
of the fold recognition methods in recognizing the structure
of proteins that do not necessarily share seijuence similar-
ity with the proteins used to genmerate our set of 350 DSMs,
but nevertheless, have similar structural folds. For testing
we nsed a set of proteins classified into 10 SCOP struc-
tural folds that were recently used for testing the Recursive
Dynamic Programming {RDP) threading fold recognition
method [23]. We had to remove the cysteine-knot cytokines
fold from the original RDP set of 11 structural folds because
1t is an irregular fold with very few secondary structure ele-
ments Our DSMs are based primarily on the 98 and solvent
exposure preferences and the irregular structures do not pro-
duce specific DSMs when only such preferences are used. In
these experiments we calculated P(foid|seq), the posterior
probability for each structural fold, for 71 sequences listed
in Table 3 on our library of 350 DS8Ms. The results of the
fold recognition resylts for the Viterbi and for the Filter-
ing method are presented in Table 3. With the Filtering
fold recognition method, 33 out of 71 sequences ranked the
correct structural fold with the highest probability. With
the Viterbi fold recognition method, 31 out of 71 sequences
ranked the correct structural fold with the highest probabil-
ity. The “acceptable” predictions (with the top structural
fold having the probability of at least 0.5) has results as fol-
lows. For the Filtering fold recognition method, there were
53 fold predictions and 32 were correct - a 60 success rate.
For the Viterbi fold recognition method, there were 66 pre-
dictions and 29 were correct - a 44% success rate. These
results confirm that the Filtering fold recognition method is
36% more accurate than the Viterbi fold recognition method
m recognizing the correct structural fold. The filtering fold
recognition method has a fold recognition rate of 60% that
is slightly better but comparable to the fold recognition rate
of 57% reported for the RDP threading [23].

The worst fold recognition rate by the Filtering method
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was obtained for the «/3 hydrolases {a 0% fold recognition
rate) represented in our library by only one structure (3lip)
and for the viral coat and capsid protein fold {a 17% fold
recognition rate) also represented in our library by only one
structure (2stv). Both of these folds are adopted by proteins
with highly variable sequence lengths as reported by Tiele
et al. [23]. The length of /B3 hydrolages varies from 265 to
534 amino acids and the ength of viral coat proteins varies
from 175 to 548 amino acids. QOur DSMs allow for only
small variations in the secondary structure segment lengths.
Thus it is not surprising that having only one representative
structure for such diverse folds limits the fold recognition
method severely. These results call for the expansion of our
model library to include all rorhomologous representatives
for each structural family.

The superior performance of the Filtering fold recogni-
tion method over the Viterbi fold recognition method is ap-
parent i the framework of HMM theory. A DSM is an en-
semble of N structure models for N very similar structures.
Each path can be viewed as one model for one particular
structure but a model is not a perfect representation of a
structure. The model is equal to a “true” structure plus
some noise. This is true for all models, including the best
one which Viterbi algorithm might recognize. The attempt
to find the structure for a sequence using single best struc-
ture model (single path) is limited by the noise in the struc-
ture model. Using the sum of all structure models should

improve the signal to neise ratio by a factor of V V.

5 Conclusion

In our fold recognition method we have incorporated a hier-
archical structure classification scheme that allows a rigor-
ous assignment of posterior fold/model probabilities. Each
unigue structural class represented by different DSMs has an
assigned posterior probability for that particular class. The
Bayesian assignment of posterior probabilities systemati-
cally acdresses the problem of interpreting fold recognition
results that use a library of diverse and persistently inter-
dependent models. We have used a classification scheme
where the model priors are assigned following an indepen-
dent structural hierarchy. Alternatively, the priors could be
assigned according to the overlap among the DSMs in the
space of structural states.

We have presented here relatively simple structural Hid-
den Markov Models, the Discrete State Models. These mod-
els are built automatically from the protein structures de-
posited in the PDB. The DSMs represent amino acid pref-
erences for a small set of structural states. Our DSMs
encode only six 3S/solvent-exposure structural states and
seven loop states. As such these models can be seen as
an alternative and very simple representation of a struc-
tural profile. The HMM representation has two advantages
over the structural profile representation used previously by
many fold recognition methods {16, 23]. The first advantage
of the HMM representation is the incorporation of struc-
tural variations such as: variable secondary structure ele-
ment length and variable loop states that connect the sec-
ondary structure elements. The second advantage comes di-
rectly from the HMM theory. The compatibility of the query
sequence with a model can be ngorously calculated as the
total (summed over all seguence-to-model alignments) prob-
ahility of the model. We have demonstrated that the fold
recognition method that uses the total probability 1 40%
more accurate than the “standard” fold recognition method
that uses the probability of the optimal sequence-to-model



alignment.
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Conditional probabilities of Amine Acids

Hb Hpb He Sh Spb Se ﬂ-.['151 Tn TBI Tg2 T53 Ta4 C_
0.147 | 0.083 | 0.100 | 0.081 | (.044 | 0.040 | 0.030 { 0.023 | 0.074 | 0.066 | 0.046 | 0.074 | 0.074
0.017 | 0.004 | 0.001 | 0.025 | 0.018 | 0006 | 0.003 | 0.003 | 0.021 | 0.011 | 0.013 | G.G21 | 0.021
0.022 | 0.050 | 0.082 | 0.017 | 0043 | 0.057 | 0.165 | 0.144 | 0.069 | 0.069 | 0.098 | 0.069 | 0.069
0.033 | 0.099 | (.148 | 0.013 | €.068 | 0.096 | 0.079 | 0.032 | 0.047 { 0.065 | 0.046 | 0.047 i 0.047
0.071 | 0.035 | 0.009 | 0.081 | ©.049 1 0.027 | 0.008 | 0006 | 0.034 { 0.019 | 0.024 | 0.034 | 0.034
0.042 | 0.021 | 0.031 | 0.058 | (.035 | 0.043 | 0.300 | 0.422 { 0.109 | 0.090 | 0.280 | 0.109 { ¢.109
0.014 | 6.029 § 0.017 | 0.618 | 0.030 | G.020 | 0.017 | 0.006 } 0.024 | 0.012 { 0.022 | 0.024 | 0.024
0.098 | 0.049 | 0.023 | 0.127 | 0.070 | 0.051 | 0.008 | 0.006 § 0.036 | 0.022 { 0.006 | 0.036 | 0.036
0.018 | 0.108 { 0.125 | 0.017 | 0.084 | 0.095 | 0.048 | 0.030 j 0.056 | 0.066 § 0.045 | 0.056 | 0.056
0.176 | 6.095 § 0.043 | 0.122 § €.067 | 6.060 | 0.009 | 0.069 § 0.061 | 0.0356 | 0.021 | 0.061 | 0.061
0.034 | ¢.023 { 0.013 | 0.024 | 0.019 | 0.011 | 0.008 { 0.003 { 0.015 | 0.008 | 0.015 | 0.015 | 0.015
0.018 | 0.040 1 0.060 | 0.017 | (L.O40 | 0.049 | 0.147 | 0.089 { 0.062 | 0.050 | 0.115 | 0.062 | 0.062
0.010 | 0.015 { 0.029 | 0.013 } (.014 | 0.031 | 0.036 | 0.012 | 0.076 | 0.199 | 0.014 | 0.076 | 0.076
0.026 | 0.075 1 0086 | 0.018 { (1.038 | 0.054 | 0.024 | 0.026 | 0.035 | 8.022 } 0.039 | 0.035 | 0.035
0.029 | 0.088 | 0.072 | 0.022 | 0.066 | 0.062 | 0.026 { 0.024 } 0.038 | 0.034 | 0.040 | 0.038 | 0.038
0.036 | 0.039 § 0.066 | 0.046 | 0.058 | 0.078 | 0.064 | 0.070 { 0.077 | 0.102 | 0.093 | 0.077 | 0.077
0.041 | 6.051 | 0.045 | 0.043 | 0.089 | Q.116 | 0.006 | 0.071 { 0.071 | 0.052 | 0.037 | 0.071 | 0.071
0.098 | 0.051 | 0.034 | 0.167 | 4.104 | 0.081 | 0.009 | 0.005 | 0.052 | 0.038 | 0.008 | 0.052 | 0.052
0.019 | 0.015 | 0.005 | 0.020 | 0.016 | 0.012 | 0.002 | 0.006 | 0.012 | 0.012 | 0.013 | 0.012 | 0.012
0.048 | 0.033 | 0.011 | 0.067 | 0.047 ] 0.029 | 0.014 | 0.014 | 0.032 | 0.028 | 0.024 | 0.032 | 0.032

HE<HNROVZECR—ZQTmIA 2]

Table 1: First column {AA) denotes the amino acids. The remaining columns represent conditional probabilities of observing
amino acids given a structural ervironment state. Hb, Hpb and He are buried, partially buried and solvent exposed states in
a helix. Sb, Sph and Se are buried, partially huried and solvent exposed states in a strand. T, T2 are positions 1 and 2 in
a tight turn loop. Tg1, Tas, Tsz and Tg4 are positions 1, 2, 3 and 4 in a beta turn loop. C is any position in a coil loop. The
data were collected from a set 474 solvable proteins with less than 25% sequence identity between any pair. The secondary
structure was assigned by DSSP {6]. The list of PDB codes is available upon request.

Results of the native fold recognition experiments

Seq- Fold recognition methed Fold recognition method
uence Filtering Viterbi Filtering Viterbi
PDB top top native top top native top native top top native
code family | family | family || family | family | family family | family || family | family | famil
proba- | PDB rank |} proba-} PDB rank PDB rank || proba- | PDB rank
bility | code bility code code bility code
1531 100 1531 1 1.00 1531 1 1al7 1 1.00 1lal? 1
lalx 1.00 | lemcA 18 1.00 InsgB 26 1a32 1 1.00 1a32 1
1a62 1.00 1a62 1 100 2mhr 4 1a68 1 1.00 1nsgB 7
lajA 1.00 1a6jA 1 1.00 1fip 2 1a9t 1 1.00 1a9t 1
1aa7B 1.00 1laa7B 1 1.00 laa7B 1 laazA 1 1.00 | temeA 4
Lak8B 1.00 1ab8B 1 1.00 1nfn 2 lacx 1 1.00 11kkA 29
ladd 1.00 tadd 1 1.00 ladd 1 1ae9B 1 1.00 1nfn 2
laep 1.00 laep 1 1.00 Laep 1 laerB 1 1.00 laerB 1
1afb 1.00 lafs 1 1.00 256bA 10 lravA 7 1.00 1fip 8
lair 1.00 lair 1 1.00 lcern 4 1aj2 1 1.00 1ribA 2
lako 100 lako 1 1.00 lako 1 lalkA 1 1.00 1ft1A 2
lam?2 1.00 lam?2 1 1.00 lam2 1 1gky 7 1.00 2ibd 17
lamp 1.00 lamp 1 1.00 lamp 1 lamx 1 1.00 lamx 1
lan7A 1.00 lan7A 1 1.00 2asr 3 laol 1 1.00 laol 1
lapa 1.00 lapa 1 1.00 lapa 1 lavGA 1 1.00 lav6A 1
lawd 1.00 lawd 1 1.80 lawd 1 laxn 1 1.00 iaxn 1
lay9B 1.00 lay9B 1 1.00 jcewl 4 layi 1 100 layi 1
1baTA 1.00 legh A 4 1.00 Infn 65 lbam 1 1.00 1nfn 2
ibge 1.60 1bge 1 1.00 Ibgc 1 1bkrA 1 1.00 1bkrA 1
1ble 1.00 lcyw 2 1.00 laep 7 1bme 1 1.00 1cby 2
1btn 1.60 1btn 1 1.00 256bA 8 1bvl 1 1.00 1flp 2
1c52 1.00 | 152 1 1.00 | 1c52 1 lchy 1 1.00 Lehy 1
lcem 1.00 lcem 1 1.00 lcem 1 1cewl 1 1.00 lcewl 1
continued on nest page
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leex 100 lcex 1 1oy 1cex 1 icghA 1.00 leghA 1 1.00 Infn 22
legmE 1.00 61d1 i8 1.00 2asr 5 1chd 1.00 1chd 1 1.00 1chd 1
lemcA 100 | lemcA 1 1o § 256bA 3 lept 1.00 Lept 1 1.00 lept 1
leyw 100 leyw 1 1.0p Infn 2 1deaB 1.00 ldeaB 1 1.00 1deaB 1
1dhpA 1.00 | 1dhpa 1 1.00 1dhpA 1 1div 1.00 ldiv 1 1.00 lis 2
1dosA 1.00 1dosA 1 L.00 IdosA 1 lecmB 1.00 | lecmB 1 1.00 | lecmB t
| lema 1.00 lema 1 100 lema 1 lexuB 1.00 lexnB 1 1.00 | lexnB 1
[ 1fiaB i.00 1fiaB 1 1.00 1fiaB 1 1tkd 1.00 1fkd 1 1.00 2mhr 2
1fip 1.00 | 256bA 2 1.00 1fip 1 1fmb || 1.00 | 1fmb 1 1.00 | 1ltul 2
1fmcA 100 1fmcA 1 1.00 1fmcA 1 1fna 1.00 ifna 1 1.00 Hua 1
ps 1.00 1ips 1 1.00 1fps 1 1frb 1.00 1frb 1 1.00 1frb 1
1ft1A 1.00 1ft1A 1 100 Ht1A 1 ifua 1.00 1fua 1 1.00 1fua 1
lgarB 1.00 1garB 1 1.00 lgarB 1 1gen 1.00 1gen 1 1.00 lgen 1
lgky 1.00 1gky 1 1.00 infn 2 1gox 1.00 1gox 1 1.00 1nbA 9
lgpr 1.00 1gpr 1 1.00 lgtqA 50 1gtqA 1.00 lgtqA 1 1.00 1gtgA 1
1hfc 1.00 1hfc 1 1.00 1531 5 lhtp 1.00 ijpc 2 1.00 lhtp 1
lhus 1.00 lhus 1 1.00 266bA 4 lido 1.00 lido 1 1.00 lido 1
ife 1.00 life 1 1.00 lifc 1 1iibA || 1.00 | 1yeqA | 27 1.00 | msgB | 15
lipsA 1.00 lipsA 1 1.00 hpsA 1 ljidw 1.00 ljdw 1 1.00 1jdw 1
ijpc 1.00 1jpc 1 1.00 1xsoB ) 1knb 100 lamx 3 1.00 lema 6
Lkpf 1.00 1jpc 2 1.00 256bA 9 iksaA 1.00 1ksaA 1 1.00 lcem 3
ilba 1.00 1lba 1 1.00 11ba 1 1ifb 1.00 1fiaB 4 1.00 11h 1
Llis 1.00 1pde 2 1.00 1lis 1 11kkA 1.00 11kkA 1 L.00 UkkA 1
1w 1.00 lrgp 2 1.00 ligp 3 11xa 1.00 2prk 5 j 100 1lxa 1
1mkaB 1.00 lmkaB 1 1.00 1mkaB 1 1msk 1.00 1msk 1 1.00 lmsk 1
ImspB .00 lravA 2 1.00 TravA 10 lmugA 1.60 ] lmugA 1 100 Laep 5
Inar 1.00 Inar 1 1.00 Inar 1 InbcB 1.00 InbcB 1 1.00 1nbeB 1
Infn 1.00 infn 1 1.00 1nfn 1 infp 1.00 Infp 1 1.00 Infp 1
Inls 100 Inls 1 1.00 lema 4 Inpk 1.00 1ch2 26 1.00 leex 26
InsgB 1.00 2mhr 2 1.00 InsgB 1 1nsj 1.00 1nsj 1 1.00 1nsj 1
InsyA 1.00 insyA 1 1.00 InsyA 1 lopy 1.00 § 2msbA 2 1.400 lopy 1
loroA 1.00 lorcA 1 1.00 loroA 1 losa 1.00 losa. 1 1.00 losa 1
ipdo 1.00 1pdo 1 1.00 lpdo 1 1phr 1.00 1bvl 3 1.00 | lcgmE 6
1pmi 100 1pmi 1 1.00 1pmi 1 ipne 1.00 2rhe 25 1.00 1bkrA 12
ipoh 1.00 1pch 1 1.00 1poh 1 1pud 1.00 1pud 1 1.00 1pud 1
lravA 1.00 1fmb 3 1.00 1ris 22 IregyY 1.00 1a62 2 1.00 2spcB 16
1rgeA 1.00 lacx 9 1.00 1ifb 17 lrgp 1.00 1rgp 1 1.00 lrgp 1
Irhs 1.00 1rhs 1 1.00 Irhs 1 1ribA 1.00 1ribA 1 1.00 1ribA 1
irie 1.00 1rie 1 1.00 2msbA 16 Iris 1.00 1ris 1 1.00 1ris 1
1rkd 1.00 irkd 1 1.00 1rkd 1 1rpa 1.00 lrpa i i.00 Irpa 1
Irsy 1.00 1rsy 1 1.00 lrsy 1 1sfp 1.00 lalx 4 1.00 lalx 5
lsmnB 1.00 | 1smnB 1 1.00 2cyp 2 lsnc 1.00 1snc i 1.00 2asr 12
ltig 1.00 ltig 1 1.00 la32 2 1tleB 1.00 1tlcB 1 1.00 iticB 1
1tmi 1.00 1tml 1 1.00 1tml i ttmy 1.00 1tmy 1 1.00 ltmy 1
1toh 1.00 1toh 1 1.00 1fps 2 1ttaB 1.00 1ttaB 1 1.00 1his 5
1tul 1.00 1tul 1 1.00 | lecmmB 9 luch 1.06 iuch 1 1.00 luch 1
ludil 1.00 lycgA 4 1.00 1a32 12 1vhh 1.00 1pdo 9 1.00 flp 8
lwab 1.60 lwab 1 1.00 lwab 1 twgjB 1.00 IwgjB 1 1.00 lwgiB 1
1whi 1.00 1afb 2 100 lhus 11 1lwho 1.00 1fna 3 1.00 Zend 3
1wpoB 1.00 iwpoB 1 1.00 1lxa 5 1xaa 1.00 1xaa 1 1.00 lcem 2
1xs0B 1.00 1xsoB 1 1.00 1xsoB 1 lycqA 1.00 laazA 3 1.00 | tecmB 10
1vcsA 1.00 1ycsA 1 1.00 lamx 17 lyer 1.00 lyer 1 1.00 iver 1
lygs 1.00 lygs 1 1.00 lygs 1 1ytw 1.00 lytw 1 1.00 Lytw 1
256bA 1.00 256bA 1 1.00 256bA 1 2a0b 1.00 2alb 1 1.00 2alb 1
2aacA 1.00 2aacA 1 1.00 2aacA 1 2aak 1.00 2aak 1 1.00 2aak 1
2acy 1.00 2acy 1 1.00 TbkrA 5 2asr 1.00 2Zasr 1 1.00 2asr 1
2bopA 1.00 2bopA 1 1.00 1faB 2 2cba 1.00 2cha i 1.00 lrv 2
2¢pl 1.00 2¢epl 1 1.00 2epl 1 2¢yp 1.00 2eyp 1 1.00 2¢cyp 1
2dkb 1.00 2dkb 1 1.00 2dkb 1 2dri 1.00 1usj 8 1.60 2dri 1
2end 1.00 2end 1 1.00 2end 1 2hts 1.00 2hts i 1.00 Zend 4
2lbd 1.00 21bd 1 1.00 2Ibd 1 2mhr 1.00 2hts 2 1.00 2mhr i
2msbA 1.00 | 2msbA 1 1.00 11fb 3 2phy 1.00 Lopy 3 1.00 lopy 4
2ple 1.00 | 2pic 1 100 | 1rgp 3 2prk 100 | 2prk 1 1.00 | teem 2
2pth 1.00 1npk 2 1.00 2pth 1 2rhe 1.00 2rhe 1 1.00 | 1emcA 10
| continued on next page
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2rn2 1.00 2rn2 1 1.00) 2rn2 1 2sak 1.00 2sak 1 1.00 2sak 1
2sicl 1.00 2sicl 1 1.00 2sicl 1 2sil 1.00 2sid 1 1.00 2sil 1
2snil 1.00 2snil 1 1.00 2snil 1 2spcB 1.00 2spcB 1 1L.00 | 2spcB 1
2stv 1.00 2stv 1 1.00 2stv 1 3b5c 1.00 ifkd 6 1.00 1a32 22
3bet 1.00 3bet 1 1.0 3bct 1 3cla 1.00 3cla 1 1.00 laep 4
3lip 1.00 lako 9 1.00 tcem b 4fgf 1.00 afgf 1 1.0 1vhh 6
4xis 1.00 4xis 1 1.00 4xig 1 6fd1 1.G0 6fdl 1 1.00 6fd1 1
Table 2: Resuits of the fold recognition experiments for 188 SCOP superfamily representatives. The structure prediction

was done at the SCOP structural familv level. The prediction is equivalent to structural superfamily prediction since only
one family represents each superfamily Top family indicates the most probable family according to the pesterior probability

value.
Results of the structural homolog fold recognition experiments
Fold recognition method
Sequence | Sequence § Correct Filtering Viterhi
fold top fuld top told correct fold top fold top fold correct fold
PDB code | length PDEB code || probability PDB codes rank probability PDB codes rank
SCOP fold classification: OB fold
lgpc 218 1a62 0.34 laerB 14 .97 1lxa 39
isnc 149 lag2 0.39 1gpr lhtp 2 0.94 4-helix bundle 10
1prtF 98 1a62 0.42 1ifb 2hts 40 0.78 4-helix bundle 32
1prtD 110 1a62 0.47 2sicl 38 G.39 2end 13
1a62 130 1a62 0.7 1262 1snc 1wgjB 1 0.69 icis 5
ipyp 285 1a62 0.99 1a62 1snc 1wgiB 1 0.84 1a62 1snc lwgiB 1
1wgjA 286 1a62 0.99 1a62 1snc LwgjB 1 0.94 1a62 isnc 1wgiB 1
2prd 174 1a62 0.99 1hxa 20 0.63 a/a superhelix 34
SCOP fold classification: four-helical cytokines
ki 180 1bge 0.71 Ibge I 1.00 1bge 1
tilk 151 1bge 0.96 4-helix bundle 23 1.00 4-helix bundle 4
lhuw 166 1bgc 097 lahq 21 0.77 ifp 3
lbge 174 lbge 0.99 lbge 1 L.00 1bge 1
SCOP fold classification: globin-like
leca 136 1fip 0.35 1ahyg 36 0.54 iflp 1
lepcA 162 11ip 0.39 1hfe 41 0.70 4-helix bundle 2
IpbxA 143 1ip 0.45 tcewl lopy Tudil 10 6.94 ifip 1
2gdm 153 1ftp 0.50 11ip 1 0.85 4-helix bundle 2
2fal 146 ip 0.66 1fip 1 0.91 1fip 1
2hbg 147 1fip 0.67 lacOB 23 0.45 iflp 1
ip 142 1fip 075 1fip 1 0.99 1ip 1
thib 157 16p 0.85 1lp 1 0.51 1fip 1
1hrm 153 1ip 0.96 1flp 1 0.99 1p 1
Lash 150 1ip 097 1fip 1 0.99 Hip 1
3sdhA 146 1flp 0.99 1a62 1snc lwgjB 57 0.92 laep 2
tepeB 172 1fip 0.99 1fip 1 1.00 1lp 1
SCOP fold classification: lipocalins
imup 166 life 0.30 life 1 0.61 laen J1
1bbpA 173 life 0.38 1knb 2 0.22 lcex 1tmy lwah 17
lepaA 164 1ifc 0.92 lifc 1 0.80 laep 17
lhbg 183 lifc 0.96 1ble 3 0.85 laep 39
lifc 132 life 0.99 life 1 1.00 Lfc 1
1hmt 132 1ife 0.99 life i 1.00 1ife 1
SCQF fold classification: a/F TIM-barrel
tubsA 268 Inar 0.24 Irhs 8 0.95 2cyp 19
1fbaA 360 inar 0.41 2dri 2 1.00 1fps 7
Stima 250 inar 0.49 1chd 3 0.68 lcem 2
1pbgA 468 Inar 0.49 1jdw 4 0.65 1ribA 3
IxyzA 347 Lnar 053 a8 TIM-barrel 1 1.00 iribA 9
loyc 400 Inar 0.64 lrpa 2 0.62 1fps 7
1byb 495 Inar 092 lalkA 6 1.00 a/a superhelix 5
Inar 290 inar 0.99 a/3 TIM-barrel 1 1.00 a /B TIM-barrel i
1nfp 228 inar 099 afB3 TIM-barrel 1 1.00 a/B TIM-barrel 1

continued on next page
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2¢bn 289 1nar 099 a /3 TIM-barrel 1 0.74 o /3 TIM-barrel i
Zacq 315 Inar 100 a/B TIM-barrel 1 1.00 a/3 TIM-barrel 1
SCOP fnld classification: four-helical up-and-down bundle
2hmzA 113 1nfn 0.53 4-helix bundle 1 1.00 4-helix bundle 1
2tmvP 158 1nfn 0.76 1gpr Lhtp 9 0.58 4-helix bundle 1
lwas 146 Infn 099 4-helix bundle 1 1.00 4-helix bundle 1
2ceyA 128 1nfn 0.99 4-helix bundle 1 0.87 2spcB 2
llpe 144 1nfn 099 4-helix bundle 1 1.00 4-helix bundle 1
infn 191 1nfn 099 4-helix bundle 1 1.00 4-helix bundle 1
256BA 106 Infn 0.99 4-helix bundle 1 1.00 4-helix bundle 1
SCOP fold clagsification: flavodoxin-like
3tmy 120 1tmy 0.54 leex ltmy lwab 1 0.68 lcex 1tmy lwab 1
3chy 128 1tmy 0.99 lcex 1tmy lwab 1 0.92 leex 1tmy 1wab 1
2fox 138 1tmy 0.99 lcex 1tmy 1wab 1 0.74 lcex 1tmy lwab 1
lcus 200 1tmy 0.99 lcex 1tmy 1wab 1 1.00 lcex 1tmy lwab 1
ircf 169 1tmy 0.99 lmugA 4 0.80 Lbge 12
SCOP fold classification: viral coat and capsid proteins
arhv3 236 sty 045 3cla 4 0.88 lema 5
1bbt3 220 sty (48 leghA 29 0.75 1531 21
2bpa2 175 2stv 0.54 1ba7A 4fgf 21 0.78 lema 17
1bbtl 213 2stv 0.63 lgky 38 0.96 4-helix bundie 42
1bbt2 218 2stv 0.84 lam?2 5 1.00 iema 5
2stv 195 2stv 097 2stv 1 0.54 2stv 1
SCOP fold classification: of8 hydrolases
3tgl 269 3lip 0.28 lwpoB 48 0.68 fercedoxin-like 49
lede 310 3lip 0 42 1tml 22 1.00 2lhd 24
1thtA 305 3lip 0.62 a/A TIM-barrel 8 0.45 Lcem 16
1tahB 318 3lip 0.63 lavBA 5 0.85 a/a superhelix 4
3lip 320 3lip 066 1ako 6 1.00 lcem 1
ltca 317 3ip 0.82 2prk 18 0.91 1chy 18
SCOP fold classification: ferredoxin-like
lregX 122 6fdl 0.29 1262 1lsnc LlwgjB T 0.93 2spcB 9
laps 98 6fcdl 0 a0 J sandwich 3 0.69 1fiaB 4
2bopA 85 6fdl 061 ferredoxin-like 1 0.85 1fiaB 2
6fd1 106 6£d1 062 1kpf 2 0.45 ferredoxin-like L
1nhkR 144 6fd1 0.74 1pdo 8 0.94 laep 32
1pba 81 6fd1 0.79 1a68 13 0.72 1a32 3

Table 3: Results of the fold recognition experiments for 10 SCOP structural folds. The structure prediction was done at the
structural fold level. Top fold indicates the most probable structural fold according to the posterior prebability value. For
folds represented by more than three PDB entries we used the SCOP names as follows. a/f TIM-barrel: ladd, laj2, lamk,
1dhpA, 1dosA, 1frb, 1gox, 1nar, Infp, 1nsj, 1pud, 2ple and 4xis. 4-helix bundle: legmE, 1nfn, lnsgB, 256bA, 2a0b, 2asr and
2mbhr. Ferredoxin-like: 1ab8B, Inpk, IregY, 1ris, 2acy, 2bopA and 6fdl. a/a superhelix: 1al7, 1ft1A, 1lrv and 3bct.
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