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Abstract

One of the most important challenges in biology is to understand the relationship between the folded structure of a protein and its primary
amino acid sequence. A related and challenging task is to understand the relationship between sequences and folding rates of proteins.
Previous studies found that one of contact order (CO), long-range order (LRO), and total contact distance (TCD) has a significant correlation
with folding rate of protein. Although the predicted results from TCD can provide better results, the deviation is also large for some proteins.
In this paper, we adopt back-propagation neural network to study the relationship between folding rate and protein structure. In our model,
the input nodes are CO, LRO, and TCD, and the output node is folding rate. The number of nodes in the hidden layer is seven. Our results
show that the relative errors for the predicted results are even lower than other methods in the literature. We also observe a best excellent
correlation between the folding rate and contact parameters (including CO, LRO, and TCD), and find that the folding rate depends on CO,
LRO and TCD simultaneously. This means that CO, LRO and TCD are similarly important in folding rate of protein. Some comparisons are

made with other methods.
© 2003 Elsevier Science Ltd. All rights reserved.
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1. Introduction

Protein folding is the process by which a protein
progresses from its denatured state to its specific biologi-
cally active conformation. It has been proposed that this
process has to follow a specific pathway or set of pathways
in order to fold in a finite time. Predicting the native
structures of proteins from their amino acid sequences has
remained an elusive goal for many years. A related
important task is to understand the relationship between
sequences and folding rates of proteins. The folding rate of
proteins that fold with two- or weakly three-state kinetics
has a significant correlation with the average sequence
separation of all contacting residues in the native state,
defined by the parameter contact order (CO) [1]. CO is
defined as
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where n, is number of amino acid residues of a protein
(excluding disordered regions), and n. is number of
nonlocal residue—residue contacts, i and j are two
residues. A nonlocal contact is defined as two heavy
atoms within a cutoff distance R, and separated by at
least a residue separation cutoff value /.. This parameter
reflects the relative importance of local and nonlocal
contacts in protein structures. The dependence of folding
rates on the CO reflects the contribution of chain entropy
loss to the folding free energy barrier. Bonneau et al.
developed a method for ab inito protein structure
prediction, which is based on a picture of protein folding
in which local sequence segments flicker between
different possible local structures, and produced a dearth
of high CO structures and a excess of low CO structures
[2—4]. Several kinetic theories to predict folding rates
from native structures are developed, and the accuracy
can be improved further [5,6]. Later a different parameter
is found to correlate better with Ink; than CO. The
parameter is called long-range order (LRO) for a protein
from the knowledge of long-range contacts (contacts
between two residues that are close in space and far in
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the sequence) in protein structure. It is defined as [7]

y 1 li—jl>12
LRO= 2% = )
n; 0 otherwise

where i and j are two residues for which the C%-C*%-
distance is =8.0 A and n, is number of amino acid
residues of a protein. The new predicting result suggests
that the long-order contact play an important role on
folding kinetics. The difference between LRO and CO
exists because LRO only considers long-range contacts,
and CO discusses all the contacts of proteins.

Their results also show that that either CO or LRO
parameter has a significant correlation with the folding rate
[5-7]. Tt is shown that the significance of the balance
between long- and short-interactions in determining protein
structure [8]. Recently, Zhou and Zhou brought forward a
new parameter, total contact distance (TCD), to predict
folding rate [9]. The new parameter includes the sequence
separation per contact and total number of contacts
simultaneously, and is shown to be best in correlation
with the logarithms of folding rates. However, the deviation
between the experimental In k; and the predicted In k¢ is
large for some proteins [9]. The reason may be that the
folding rate does not depend only on CO, or LRO, or TCD,
and has a correlation with CO, LRO and TCD simul-
taneously. In fact, CO, or LRO, or TCD depends on the
property of contact (or the protein structure). At that point, it
is the same for CO, or LRO, TCD. Of course these
relationships may be more complex and difficult to express
with a certain mathematical formula. In the meantime, those
investigations only provide some external relationships
between the folding rates and the properties of proteins
(such as CO, LRO, or TCD). Analysis of the thermodyn-
amics and kinetics of the folding process provides an
understanding as to how interatomic interactions determine
the native conformation of a globular. Zwanzig was the first
to apply the master equation to describe the kinetics of
protein folding [10—12]. Then, Hao and Scheraga solved
this equation for several models of the transition rate
constants for simple model proteins [13,14]. Recently, Ye
and Scheraga reported the general solution of the master
equation to describe the folding kinetics of an arbitrary
protein model [15]. It is solved by using the Laplace
transformation to calculate the rate of electron transfer
through protein and DNA molecules. Ye et al. used a master
equation to describe the mechanism of folding of Staphy-
lococcal Protein A [16], and Ghosh et al. used a stochastic
difference equation for an atomically detailed study of the
folding pathways of protein A [17]. Those theoretical works
on folding mechanism can help understand mechanisms of
protein folding. Because of the complexity of the protein-
folding problem, various methods should be adopted, here
including molecular dynamics simulation [18-20], and
theoretical investigation [13—17]. Of course, it is necessary
to find some internal factors and external factors which

effect on folding rate, and help us understand the
mechanisms of protein folding in more detail. Here a new
method of artificial neural networks [21-26] is adopted to
study this relationship. Artificial neural networks utilize
weight matrices to perform mathematical transformations of
the input vector to the output, and have one obvious
advantage: there is no need to know the exact form of the
analytical function on which the model should be built.
Therefore artificial neural networks are suitable for
experimental condition optimization since the relationship
between the evaluating indices and the experimental input
parameters is complex, nonlinear, and often cannot be
expressed with a certain mathematical formula.

Neural networks—a pattern recognition technique is
widely used in protein science, mostly for the prediction of
protein secondary structure from sequence. The accuracy
level of prediction of protein secondary structure has been
recently substantially increased by using a neural network
and information from multiple sequence alignment, thereby
surpassing the 70% level of average three-state accuracy
[27,28]. An area particularly suited to neural network
methods is the identification of protein sorting signals and
the prediction of their cleavage sites, as these functional
units are encoded by local, linear sequences of amino acids
rather than global 3D structures [29-32]. We also use
neural networks method to predict the statistical properties
of polymers [24-26]. In this paper, we will discuss the
folding rate based on artificial neural networks. In our
model, the input node is CO, LRO, and TCO, and the output
node is folding rate.

2. Artificial neural network model

The back-propagation neural network is one of the most
popular neural-network topologies. It has the advantages of
being easy to understand and easy to implement [33]. The
architecture of the three-layer network is shown in Fig. 1.
The input nodes are fully connected to a hidden layer of
nodes, which in turn are fully connected to a set of output

Fig. 1. Architecture of the neural network model in this paper.
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nodes. The number of input nodes and output nodes are n
and p, respectively, and the number of hidden nodes is m.
Here the output node is the folding rate, therefore, the
number of output nodes p is 1. This neural network
algorithm can evolve a set of weights to produce an arbitrary
mapping from input to output by presenting pairs of input
nodes and their corresponding output nodes.

For an input layer node, the output (Xo) is equal to its

input (X):

XoF =X (i=1,2,..,n; L=1,2,..5) (3)

The subscript i indicates the ith input layer node, and L
indicates the Lth trained sample. n is the number of input
nodes, and S is the number of train samples The outputs
from the inputs are weighted and fed to the hidden nodes.
The net input of jth hidden node in the Lth trained sample is:
net} = ZXOLWL (G=1,2,..,

m; L=12,..,8 &)

where W indicates the weight of the connection between
the ith 1nput node and the jth hidden node in the Lth trained
sample, and m is the number of hidden node. The outputs of
the hidden layer nodes (Yol) are given after transformation
by the sigmoidal function:

Yok = f(netd), (k=1,2,...,m) (5)

Here f{x) is the sigmoidal function:

(6)

The output of the last layer (output layer) nodes are given by
the sum after weighted input from the hidden nodes and
transformation:

:f(z YojLVﬁ) (I=12,..,p;
j=1

Here Vﬁ is the weight connecting the jth hidden node to the
Ith output layer node. After carrying out the procedure about
for all combination of input signals, the root-mean-square
error (RMSE) is given by:

B _ OB
RMSE = Zlﬁz Eaﬁzy‘*TgO“ (8)

Here p is the number of output layer nodes (p = 1 in this
paper), and S is the number of trained samples, and Y is the
target value of Sth trained samples.

Every weight, the initial value of which is randomly
given by the computer, is changed automatically by Egs. (9)
and (10), and then training is repeated until RMSE falls into
an acceptable region

L=1,2,...5()

AWS(1) = 08/ Xof + nAW(t — 1)
)

,oeom; L=1,2,...,5)

AVi(t) = m& Yoi + pAVi(t — 1) 0

(k=1,2,om; [=1,2,....p; L=1,2,....5)

here 7 is the number of iterations of neural computation, and
7 is the learning rate and determines how fast the changes
AW (r) and AV}j(r) should be implemented in the iteration
cycles. The momentum constant w prevents sudden changes
in the direction in which corrections are made. The errors &
and BIL can be expressed as

&= -

for the output layer /th node and

(Z gavg)/(y, G=1,2,....,m) (12)

for hidden layer jth node. Here f'(x) is the derivative with
respect to x of the transformation function, and f'(x) =

(I = f() X f(x).

oNf©oy  (=1,2,..,p) (11)

3. Results and discussion

Although the values of CO, LRO, and TCD are not the
same for a protein, the values depend mainly on the protein
structure. Previous investigations only emphasize the
correlation of folding rate with one of CO, LRO, and
TCD. In fact the folding rate may have a complex relation
with CO, LRO, and TCD. Therefore in our calculation the
input nodes are chosen as CO, LRO, and TCD, and the
number of the input nodes (n) therefore is three. The values
of CO, LRO are calculated by Egs. (1) and (2) and the values
of TCD are taken from Ref. [9], and the values of CO, LRO,
and TCD of all proteins are given in Table 1. It also contains
experimental data of folding rate of 28 proteins. The initial
architecture of the neural network is only an initial guess, it
must be modified after performing calculations. The
learning rate m and the momentum constant w should be
selected carefully. In the training process, if the value of the
learning rate and the momentum constant were too small,
RMSE would show large fluctuation, and could not reach a
global minimum quickly. In our training, n = 0.1 and
= 0.89.

The selection of the number of hidden layer nodes is
important in the artificial neural network. In order to obtain
the best neural network structure, several artificial neural
network systems with different number of hidden nodes are
tested. Here the testing proteins of output nodes are 2ABD,
INYF, and 1CSP, and the number of protein samples is 25,
and RMSE = 0.038. Here the proteins are randomly chosen.
The results are shown in Fig. 2, and the relative error (4) is
defined as

Ao lIn k¢(experiment) — In k¢(predicted)!

13
In k;(experiment) (13
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Table 1
The values of three parameters (CO, LRO, and TCD) and the experimental
value of In k; used in this study

Protein CO (%)* LRO" TCD® In kg4

1LMB 18.4 0.61 0.75 8.50
2ABD 24.4 1.15 1.04 6.55
1IMQ 22.0 0.85 0.93 731
2PDD 239 0.49 0.75 9.80
INYF 32.9 1.40 1.22 4.54
1PKS 323 1.92 1.38 -1.05
1SHG 34.8 1.51 1.35 1.41
1SRL 34.5 1.55 1.25 4.04
1FNF_9 33.9 1.99 1.30 -091
1FNF_10 30.1 1.87 1.14 5.48
IHNG 333 1.56 1.25 2.89
ITEN 32.8 1.92 1.24 1.06
ITIT 33.2 2.07 1.26 3.47
IWIT 35.1 2.48 1.48 0.41
1CSP 30.9 1.52 1.10 6.98
IMIC 30.8 1.49 1.14 5.24
2AIT 34.3 2.07 1.42 420
1APS 34.9 2.09 1.52 —1.48
IHDN 31.1 1.73 1.35 270
1URN 30.4 1.46 1.20 5.73
2HQI 31.1 2.15 1.48 0.18
IPBA 29.8 1.32 1.08 6.80
1UBO 29.1 1.18 1.07 733
2PTL 31.1 1.37 1.23 4.10
IFKB 31.6 1.98 1.30 1.46
1COA 31.0 1.42 1.14 3.87
IDIV 244 0.84 0.88 6.58
2VIK 21.7 1.67 0.97 6.80

* Rey = 0.60 nm (based on the heavy atom distance) and /., = 2.

® Rew = 0.80 nm (based on the C*—C* distance) and [y, = 2.

¢ Ry = 0.60 nm and [, = 2.

d Experimental value of In k; are taken from 1IMQ [35], 2PDD [36],
1ENF_9 [37], IENF_10, 1HNG, ITIT, IWIT [38], 2HQI [39], 1PBA [40],
1DIV [41] and all others are from Ref. [42].

16 —

average relative error (%)

here the average error is averaged over 2ABD, INYF, and
1CSP, and m is the number of hidden layer nodes. We find
that m =7 may be the best fit for our system. Similar
relationships between average error and the number of
hidden layer are obtained in our calculations. Therefore, we
choose the 3—7—1 structure as the optimal system. The
weight matrices W;; and Vj; depends on many factors, such
as the input node (CO, LRO, TCD), the output node (In k),
and the number of samples. They also depend on the RMSE.
If the same values of the input nodes and the output node are
given, the weight matrices W;; and V;, are different when the
RMSE changes in the neural network training. In the
meantime, the weight matrices W;; and V; may be different
in each run. As a fortran program to make neural network
predictions of folding rates from CO, LRO and TCD can be
freely available, the weight matrices Wj; and Vj is not
shown here.

We randomly choose three proteins in all 28 proteins. We
train on 25 and test on three, and the results are given in
Table 2, here RMSE = 0.038. In Table 2 six runs are given.
Each run represents a different set of proteins. Except for
2AIT, the error is acceptable. In Table 2 the Zhou’s results
are also given, here Zhou’s predicted values are obtained
from Ink; = —13.2TCD + 19.73 [9]. In general, our
results provide more accurate prediction than the previous
results. In order to compare, we adopt the jackknife cross-
validation method, and plot the predicted vales of In k¢ vs
the observed one, and the results are given in Fig. 3. In
Fig. 3(b) TCO make a good prediction, whereas neural
network provides the best results, see Fig. 3(a).

In folding rate predicted by back-propagation neural
network, one of the obvious outliers is 2AIT Our predicted
In &; is 2.04, whereas the experimental one is equal to 4.20.
The experimental one is greater than the predicted one by
100%. In Zhou’s prediction based on TCD, the predicted
value of In &; is only 0.70, and is about 0.03 times slower
than the actual folding rate. Although our predicted result is

Fig. 2. A plot of average relative error versus m (the number of hidden nodes) for 2ABD, INY, and 1CSP with RMSE = 0.038.
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Table 2
Results of the predicted In k¢ for selected proteins

Protein Predicted Experimental In k¢ Zhou’s results®
Run A

ISHG 1.60 1.41 1.91
1ENF_10 4.79 5.48 4.68
2VIK 6.69 6.80 6.90
Run B

1LMB 8.49 8.50 9.83
1TIT 2.85 3.47 3.10
1FKB 1.56 1.46 2.56
Run C

2ABD 6.45 6.55 6.00
INYF 4.81 4.54 3.63
1CSp 6.95 6.98 5.21
Run D

1SRL 4.18 4.04 3.23
2AIT 2.04 4.20 0.986
1UBO 7.29 7.33 5.61
Run E

1IMQ 8.12 7.31 7.45
IPKS -0.52 -1.05 1.51
1HNG 3.10 2.80 3.23
Run F

1IMQ 8.14 7.31 7.45
IWIT 0.18 0.41 0.19
1COA 4.62 3.87 4.68

% Obtained from In k; = —13.2TCD + 19.73. [9].

more close to the experimental one than the previous
predicted one, the deviation is also large for 2AIT. The
reason is that 2AIT has disulfide bonds. Experimental
studies [34] have shown that removing one disulfide bond
via mutation would reduce the folding rate of 2AIT. Thus,
the observed folding rate after a single disulfide bond
mutation (In k; = 2.1) is a closer to the predicted one (2.04)
based on neural network method.

4. Conclusion

We have made an attempt to predict the folding rate
using neural network model. In fact, sequence separation
per contact (LRO), total number of contact (CO), and TCD
are similarly important in determining the rate of folding.
Although TCD is the most accurate among the three
parameters (CD, LRO, TCD), a large deviations between
the experimental In k; and the predicted In k; for some
proteins exist. This means that TCD maybe have a less
correlation with folding rate for some proteins. Our neural
network results provide the fact that the folding rate has a
correlation with CO, LRO, and TCD simultaneously. In
fact, CO, LRO, and TCD depend on the contact. In this
point, they are the same. Although the values of CO, LRO,
and TCD are different for a protein, they all have a tight
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Fig. 3. Scatter plot of the experimental and predicted folding rates by
jackknife test. (a) Neural network model; (b) TCD. Here RMSE = 0.038.

relation with protein structure. Our results have even more
accurate prediction than the previous results.

One of the inadequate factors which effects our
predictions is that there are no enough experimental value
of In k; of proteins (28 proteins). Another may be that our
prediction only suits fast-folding proteins. If there are fast-
folding proteins and slow-folding proteins simultaneously
in protein samples, the training should be taken dividedly. In
the meantime, neural network method will probably fail in
prediction of the folding rate of proteins with the chaperon-
type kinetics. The reason may be that the process of folding
is different for these proteins.

In fact our results agree well with the previous method [1,
5-9]. If we can consider CO, long-range contact, and TCD
simultaneously, the accuracy can be improved. However, if
we only discuss one of CO, LRO, and TCD, some good
results can also obtained for some proteins. This means that
CO, LRO and TCD has an interior relationship between
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them. This discussion can help us know the folding rate
from protein structure clearly.

A fortran program (nn-folding.f) that provides neural
network predictions of folding rates from CO, LRO
and TCD will be freely available upon request
(Ixzhang @hzcnc.com).
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