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Abstract. We have investigated the relative performance of amino acid
occurrence and other features, such as predicted secondary structure, hy-
drophobicity, normalized van der Waals volume, polarity, polarizability,
and real/predicted contact information of residues, for recognizing pro-
tein folds. We observed that the improvement over other features is only
marginal compared with amino acid occurrence. This is because amino
acid occurrence, indirectly, can consider varieties of physical properties
which are useful to discriminate protein folds. If we consider only pro-
teins which are well aligned structurally with each other, the accuracy of
discrimination is drastically improved. In order to discriminate protein
folds more accurately, we need to consider anything other than structure
alignment.

1 Introduction

Deciphering the native conformation of a protein from its amino acid sequence
known as protein folding problem is a challenging task. The recognition of pro-
teins of similar folds is a key intermediate step for protein structure prediction.
Alignment profiles are widely used for recognizing protein folds [1,2]. Recently,
Cheng and Baldi [3] proposed a machine learning algorithm using secondary
structure, solvent accessibility, contact map and β-strand pairing for fold recog-
nition, which showed the pair wise sensitivity of 27%. On the other hand, it
has been reported that the amino acid properties are the key determinants of
protein folding and are used for discriminating membrane proteins [4], identifi-
cation of membrane spanning regions [5], prediction of protein structural classes
[6], protein folding rates [7], protein stability [8] etc. Towards this direction, Ding
and Dubchak [9] proposed a method based on neural networks and support vec-
tor machines for fold recognition using amino acid composition and five other
properties, and reported a cross-validated sensitivity of 45 %.

Recently [10], we have used the amino acid occurrence (not composition)
of proteins belonging to 30 major folds for recognizing protein folds. We have

J.C. Rajapakse, B. Schmidt, and G. Volkert (Eds.): PRIB 2007, LNBI 4774, pp. 120–131, 2007.
c© Springer-Verlag Berlin Heidelberg 2007



Protein Fold Recognition Based Upon the Amino Acid Occurrence 121

developed a method based on linear discriminant analysis (LDA), which showed
an accuracy of 37% for recognizing 1612 proteins from 30 different folds, which
is comparable with other methods in the literature, in spite of the simplicity of
our method and the large number of proteins considered.

In this paper, we have compared the performance of other features with that
of amino acid occurrence. We have found that amino acid occurrence outperform
other features to discriminate protein folds. Even if other features are considered
together with amino acid occurrence, the ability to discriminate protein folds is
hardly improved. On the hand, if we exclude pairs of proteins with poor 3D
structural alignment, we have found that discrimination by amino acid occur-
rence is drastically improved. In conclusion, amino acid occurrence turns out to
be the best feature to discriminate protein folds.

2 Materials and Methods

We have used three data sets to test the performance of our method. The first
data set is that used by Ding and Dubchak [9]. It is available from their web
site. The second data set is that used in the previous study [10]. It consists
of 1612 amino acid sequence among which there are less than 25 % sequence
identity. These amino acid sequence is taken from SCOP [11] and belong to one
of major 27 folds. It is available from our prediction server [12]. We also used
several feature (contact) vectors corresponding to these data set. The third one
is taken from CATH [13]. It consists of 4146 amino acid sequences with less than
40 % mutual sequence identity. These belong to one of major 39 topologies. The
selection of major 39 topologies is based upon Gubbi et al [14].

Since the method is described in our previous report [10], we have briefly
outlined our methods. First, we have counted the number of amino acid residues
in each amino acid sequence. Thus, we have 20 dimensional integer vector for
each protein. Then, LDA is applied to this set of vectors. LDA we used is lda
module in R [15]. Although there are many ways to weight the discrimination
[10], in this paper we weight each fold(topology) equally. In other words, prior
probability of each fold (topology) is assumed to be equal. As a measure of
performance, we employ accuracy Q,

Q =
∑

i TPi

N
, (1)

where TPi is the number of proteins correctly discriminated in ith fold (topology)
and N is total number of proteins considered. In the following, Q by leave one
out cross validation wil be reported.

3 Results

3.1 Accuracy of Discrimination Using Amino Acid Occurrence and
Other Features

Ding and Dubchak [9] has discriminated 27 folds for 311 proteins. They have
used support vector machine (SVM) and/or nerual networks (NN) with voting
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Table 1. Accuracy Q as a function of used features

Features Q [%] References

Composition 35
Composition + length 38
Composition + five features 39
Composition + five features 45 Ding and Dubchak [9]
Occurrence 42 Our previous report [10]
Occurrence + five features 44

system. Features they used differ from amino acid occurrence. They have re-
ported that their method achieved Q = 45% as 10-fold cross validation results.
In the previous report [10], we have shown that our method can achieve Q = 42%
in spite of simplicity of our method. Since ours are leave one out cross valida-
tion, our Q value does not have any statistical errors. However, Ding’s value is
10-fold cross validation. If we consider this, our value Q = 42% is comparative
with Ding’s value Q = 45%. Since our method uses solely amino acid occurrence
while Ding and Dubchak used many other features than amino acid occurrence
together, it is natural to expect that considering other features together with
amino acid occurrence can improve accuracy Q. In Table 1, we have summa-
rized Q as a function of used features. When we use more than two features to
discriminate folds, we simply apply LDA to merged feature vectors. This means,
if there are two features vectors fn with n components and fm with m features,

fn = (fn1, fn2, . . ., fnn) (2)
fm = (fm1, fm2, . . ., fmm), (3)

then we merge these two and apply LDA to

fm+n = (fn1, fn2, . . ., fnn, fm1, fm2, . . ., fmm). (4)

Additional five features, i.e., predicted secondary structure, hydrophobicity, nor-
malized van der Waals volume, polarity, polarizability, are those Ding and
Dubchak [9] used. Since their method is sophisticated, and it utilized all fea-
tures (i.e., composition + five features), their Q is better than us by 6 %. In
spite of that, our simple method employing amino acid occurrence and five fea-
tures has almost fulfilled this gap (Q = 44%). If we consider the simplicity of
our method, our method is even better than Ding and Dubchak’s method.

If we see Table 1 more detail, we can find many interesting things. For example,
if we consider only composition, Q is only 35 %, which is 7 % smaller than
Q = 42% when we consider only occurrence. On the other hand, if we consider
composition and length, i.e., the first 20 components of feature vectors consist
of composition and the 21th component is amino acid length, Q raises from
35% to 38 %. In spite of that, if we consider composition and five features, Q
becomes 39 %, which is as the same as Q = 38% when composition and length
are considered. Thus, solely considering length is comparative with considering
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all of five features. This definitely demonstrate the importance of considering
amino acid length. This is the reason why considering occurrence instead of
composition can improve accuracy by 7%.

3.2 SCOP

Since our method is simple, we can deal with larger data set. In our previous
report [10] we have applied our method to 1612 proteins belonging to 30 major
folds in SCOP. Q which we have achieved was 33 %. In this subsection, we have
compared Q when considering other features than amino acid occurrence with
Q when only amino acid occurrence is considered. In Table 2, we have listed
Q obtained using other features than amino acid occurrence. Other features we
used is average contacts in different sequence intervals, for example, 3-4, >4,
5-10, 11-20, 21-30, 31-40, 41-50 and >50. The contacts are predicted by several
different contact prediction servers [16,17,18] and are taken from real structure.
For some predicted contacts, number of amino acid sequence considered is less
than 1612. Clearly, the real contact information outperformed in discrimination.
On the other hand, the performance of amino acid occurrence is better than that
with predicted contacts.

We also consider dipeptide occurrence. Since there are 20 amino acids, dipep-
tide occurrence nij are 400 kinds, where nij is the dipeptide occurrence for ith
and jth amino acid (1 ≤ i, j ≤ 20). In Table 3, we have shown Q for considering
dipeptide occurrence. Consideration of dipeptide occurrence does not improve
Q at all. Even if we consider dipeptide occurrence together with amino acid
occurrence, Q is not improved.

It may be assumed that the consideration of dipeptide occurrence would im-
prove the Q value. However, we observed that the Q value is less than that with

Table 2. Accuracy Q as a function of used feature

Feature number of sequences Q [%] References

Occurrence 1612 33 Our previous report [10]
Composition 1612 26 Our previous report [10]
cornet 1530 22 Ref. [16]
nick 1555 13 Ref. [17]
gpcpred 1612 15 Ref. [18]
real structure 1612 50

Table 3. Accuracy Q for discrmination by dipeptide

Feature Q[%] References

Occurrence 33 Our previous report [10]
Dipeptide 29
Dipeptide+Occurrence 31



124 Y.-h. Taguchi and M.M. Gromiha

amino acid occurrence. It might be due to the fact that dipeptide occurrence is
not an independent information of amino acid occurrence, because

ni =
∑

j

nij . (5)

Further, Table 3 shows that dipeptide occurrence cannot have more information
than that solely amino acid occurrence can provide.

3.3 CATH

In order to see if our method can discriminate other fold classification than
SCOP, we have considered topologies in CATH. In Table 4, we have shown the

Table 4. Accuracy Q [%] for SCOP and CATH with various sorts of definition of Q
and weighting. Bold numbers are the same as those in other tables.

with re-weighting without re-weighting
over all fold average over all fold average

CATH 26 34 43 24
SCOP 33 32 37 28

comparison between CATH and SCOP. It is clear that the performance depends
upon the definition of methods/accuracy which data base can be discriminated
better by our method. Especially, CATH is very sensitive to the variety of def-
inition of methods/accuracy used in these databases and our method couldwell
discriminate the folds. The lowest Q is 26 % for CATH while the highest one is
43 %. Thus, the later is larger than the former by more than 50 %. This results
show how difficult to decide what the best discrimination is. When we consider
the definition of Q used in the present research, CATH (Q = 26%) is harder
to discriminate than SCOP (Q = 33%). Although it is generally true that our
method can discriminate folds no matter how they are defined, the performance
is strictly dependent how we measure the goodness. Although we do not con-
sider CATH in more detail here, one has to be careful how we can measure the
goodness of discrimination.

4 Discussion

4.1 Why Does Occurrence Work So Well?

In the previous section, we have shown that our method (amino acid occurrence
+ LDA) can discriminate protein folds up to 30 to 40 % for up to thousands
proteins and up to 40 folds (topology). We have also shown that considering
other feature than amino acid occurrence generally can hardly improve accuracy
Q. In this subsection, we would like to discuss why amino acid occurrence works
well.
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First of all, it is natural that occurrence is better than composition in con-
trast to the first impression. Suppose we have some protein belonging to one
fold. Then, try to duplicate its amino acid sequence. Clearly, there will be very
few possibility that duplicated protein belong to same fold. This discussion defi-
nitely show that composition cannot detect this effect at all, because duplication
cannot change composition. The importance of protein length can be seen in Ta-
ble 1. Consideration of protein length in addition to composition can improve Q
by 3 %, which is as large as half of difference between composition and occur-
rence. In conclusion, we had better to consider occurrence than composition to
discriminate protein folds.

Second, one may think it is strange that consideration other feature than
occurrence cannot improve accuracy Q so much. However, any physical feature
can be more or less expressed by amino acid occurrence. Thus, linear combination
of amino acid occurrence can express more or less many of physical properties
of proteins. In order to see this, we have computed the correlation coefficients
between 49 physical, chemical energetic ans conformational properties of each
amino acid [19,20,21] and the first discriminate function for the second data set
case (i.e., 1612 proteins belonging to 30 major folds in SCOP). Each property
consists of 20 dimensional vector, like

P k = (P k
1 , P k

2 , . . ., P k
i , . . ., P k

20), (6)

where P k
i describe kth physical properties of ith amino acid. Since discrimi-

nant function is also 20 dimensional vector each component of which describe
contribution from each amino acid, we can take correlation coefficient between
them.

As can be seen in Table 5, 23 out of 49 properties have correlation coefficients
with less than 5 % q-values (i.e., FDR corrected p-values). We can find 24 out of
49 properties have less than 5% q-value if we apply the same procedure to the
third data set(CATH), although the number of commonly selected properties
is as large as those by chance. (Not shown here). Thus, it is clear that linear
discriminant function can express many of physical properties, at least, partly.
Thus, even if we do not consider physical properties directly, amino acid oc-
currence can express them if some of physical properties are important for the
discrimination of folds. This is the reason why the consideration of amino acid
occurrence can discriminate folds (topologies for CATH) well. As another ex-
ample of how well amino acid occurrence can express other physical properties,
we consider contact information in Table 2. In order to check if amino acid oc-
currence can express contact information taken from real structure (the last row
in Table 2), which achieved 50 % accuracy Q, we have applied multiple linear
regression,

f � =
∑

i′
Ci′n

�
i′ + C�

0, (7)

where f � is the contact information of lth protein, n�
i is ith amino acid occurrence

for �th protein. In Table 6, we have shown squared partial correlation coefficients
based upon (7). Although these values are not so high, they are too large to
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Table 5. Brief descriptions of 49 selected physico-chemical, energetic and conforma-
tional properties, their correlation coefficient with the first discriminate function for
SCOP, and q-value. Asterisks in the last column shows q-value is less than 5 %.

No. Description Corr. Coef. q-value [%] q ≤ 5%
1. Compressibility 0.03 44.5
2. Thermodynamic transfer hydrophobicity 0.44 5.4
3. Surrounding hydrophobicity 0.72 0.3 *
4. Polarity 0.47 4.5 *
5. Isoelectric point 0.19 25.8
6. Equilibrium constant with reference to the ionization property 0.07 41.4
7. Molecular weight 0.05 42.8
8. Bulkiness 0.36 10.4
9. Chromatographic index 0.65 0.4 *

10. Refractive index 0.19 25.8
11. Normalized consensus hydrophobicity 0.42 6.1
12. Short and medium range non-bonded energy 0.17 28.9
13. Long-range non-bonded energy 0.75 0.3 *
14. Total non-bonded energy 0.68 0.3 *
15. Alpha-helical tendency 0.08 39.4
16. Beta-helical tendency 0.68 0.3 *
17. Turn tendency 0.54 2.3 *
18. Coil tendency 0.45 5.0 *
19. Helical contact area 0.24 21.8
20. Mean rms fluctuational displacement 0.66 0.3 *
21. Buriedness 0.68 0.3 *
22. Solvent accessible reduction ratio 0.68 0.3 *
23. Average number of surrounding residues 0.67 0.3 *
24. Power to be at the N-terminal of alpha helix 0.45 5.0 *
25. Power to be at the C-terminal of alpha helix 0.58 1.2 *
26. Power to be at the middle of alpha helix 0.04 44.5
27. Partial-specific volume 0.28 16.7
28. Average medium-range contacts 0.02 46.0
29. Average long-range contacts 0.71 0.3 *
30. Combined surrounding hydrophobicity (globular and membrane) 0.72 0.3 *
31. Solvent accessible surface area for denatured protein 0.13 33.7
32. Solvent accessible surface area for native protein 0.56 1.8 *
33. Solvent accessible surface area for protein unfolding 0.51 3.0 *
34. Gibbs free energy change of hydration for unfolding 0.31 14.4
35. Gibbs free energy change of hydration for denatured protein 0.42 6.1
36. Gibbs free energy change of hydration for native protein 0.49 3.7 *
37. Unfolding enthalpy change of hydration 0.01 46.2
38. Unfolding entropy change of hydration 0.51 3.0 *
39. Unfolding hydration heat capacity change 0.69 0.3 *
40. Unfolding Gibbs free energy change of chain 0.16 29.9
41. Unfolding enthalpy change of chain 0.26 18.7
42. Unfolding entropy change of chain 0.50 3.1 *
43. Unfolding Gibbs free energy change 0.37 9.7
44. Unfolding enthalpy change 0.35 10.7
45. Unfolding entropy change 0.33 11.9
46. Volume (number of non-hydrogen side chain atoms) 0.10 37.0
47. Shape (position of branch point in a side-chain) 0.20 25.6
48. Flexibility (number of side-chain dihedral angles) 0.22 23.4
49. Backbone dihedral probability 0.33 11.9

neglect. Actually speaking, p-values for these is less than 1×10−14. If we consider
higher order,

f � =
∑

i′

[
Ci′n

�
i′ + C2

i′
(
n�

i′
)2

]
+ C�

0, (8)
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Table 6. Squared Partial Correlation Coefficients for (7) and (8)

Contact range Squared Partial Correlation Coefficients

1st order (7) 2nd order (8)
3-4 0.29 0.37
>4 0.25 0.32
5-10 0.20 0.25
11-20 0.23 0.28
21-30 0.12 0.17
31-40 0.08 0.12
41-50 0.07 0.10
>50 0.19 0.25

squared partial correlation coefficients has increased (Here we have confirmed
that Akaike Information Criterion (AIC) has decreased by considering higher
order in order to avoid over fittings). This again demonstrates that amino acid
occurrence can express physical properties which are useful for discrimination of
protein folds.

In conclusion, in contrast to the intuition, amino acid occurrence can express,
at least partially, variety of physical properties with which protein folds can be
discriminated.

4.2 Folds vs Structural Alignments

Although we have considered many other features than amino acid occurrence,
accuracy Q cannot be improved so much. This is because the amino acid oc-
currence can have ability to express other physical features as discussed in the
previous subsection. In this subsection, we try to estimate the relationship be-
tween the goodness of structural alignment and the goodness of fold recognition.
If structural alignment between proteins belonging to the same fold is poor, it
is natural that fold recognition is not successful.

In order to check this point, we have employed the third data set (4146 proteins
belonging to 39 major folds). We have randomly picked up 100 pairs of proteins
from each of intra/inter topology pairs. For example, when we consider inter
topology pairs from topology I and J , pairs of proteins are taken such that one
of pair belongs to topology I while another of pair belongs to topology J . On the
other hand, when considering intra topology pairs, both of proteins are taken
from the same topologies.

Then for selected pairs, structural alignment has been done using Matalign
[22] which can get structural alignment even for chopped sequence which fre-
quently appears in CATH. We employ Nscore as a measure of goodness of
structural alignment,

Nscore ≡ 3Na

1 + Δ

1
min(length1, length2)

, (9)

where Na is number of aligned residues, Δ is root mean squared deviation
(RMSD) and length1 and length2 are number of residues of two aligned
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proteins. Larger Nscore means better structural alignment. Then, we have found
many intra topology pairs have less than or equal to Nscores of inter topology
pairs (Fig. 1(a) ). This means, solely the goodness of structural alignment cannot
decide if a pair of proteins belong to the same topology or not.

Here, we have considered the pair of topologies (3 10 129) and (3 30 360)
for which our method get the least accuracy Q. Then by applying structural
alignment to all pairs among these two topologies, we have excluded intra protein
pairs which have poorer structural alignment. Although Nscores within (3 10
129) are always larger than those between two topologies (Fig. 1 (b)), those

(a) (b)
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Fig. 1. Comparisons of histogram of Nscore. (a) Inter topology (left half) vs intra
topology (right half) for all of 39 topologies considered. Each histrgam is normalized
such that total area is unity no matter how many pairs are considered. Alignment has
been done randomly sampled 100 pairs of proteins for each of pairs of topologies. (b)
Nscore between topologies (3 10 129) and (3 30 360) (left half) vs that within (3 10
129) (right half) (c) Nscore between topologies (3 10 129) and (3 30 360) (left half)
vs that within (3 30 360) (right half) (d) Nscore within (3 10 129) (right half) vs that
within (3 30 360) (right half).
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Table 7. Sensitivity and accuracy for pair wise discrimination between topologies (3
10 129) and (3 30 360). Before : before exclusion of poorly structural aligned pairs of
proteins. After : after exclusion of poorly structural aligned pairs of proteins.

Sensitivity
(3 10 129) (3 30 360) Q

Before

Number of Proteins 19 20 39
0.58 0.40 0.48

After

Number of Proteins 19 6 25
0.76 0.83 0.76

within (3 30 360) are not (Fig. 1 (c)). Clearly, those within (3 30 360) are less than
those within (3 10 129) (Fig. 1 (d)). Then we found that our method can have
better Q by exclusion of pairs of proteins that have poor suructurally alignment.
In Table 7, we have shown the comparison of sensitivity and accuracy Q before
and after exclusion of badly aligned pairs of proteins. Although no proteins are
removed from topology (3 10 129), 14 out of 20 proteins are excluded from (3
30 360). Then sensitivity and accuracy drastically increases. Especially, it is
remarkable that sensitivity for (3 10 129) also increases although there are no
proteins removed. Thus, it is clear that our method can discriminate topologies if
they are well structurally aligned. In other words, we have to consider something
other than structural alignment to discriminate topologies in CATH. It is very
important to find what we should consider.

5 Conclusion

In this paper, we have investigated the relative performance of amino acid oc-
currence and other features to recognize protein folds. We found that consid-
eration of other features than amino acid occurrence cannot improve accuracy
Q so much. The reason is because amino acid occurrence can have ability to
consider variety of physical properties which are useful to discriminate pro-
tein folds. It is conformed that our method can better discriminate topolo-
gies if proteins within each topology have good structural alignment. In order
to improve accuracy Q, we have to consider something other than structural
alignment.
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