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Abstract. Understanding the folding of proteins is one of
the most interesting research field for the Bioinformatics.
The contact maps constitute an intermediate step in the
prediction of the 3D structure of the proteins and allow to
represent folding patterns. Currently, the methods used
to predict contact maps achieve low precision results,
only about 25% of long-range (L/5) contacts are correctly
predicted, and their knowledge base is not humanly
interpretable. In this paper, we propose an easy
implementation multiple classifier for contact maps,
which is based on patterns of interaction between
secondary structures and employed decision trees as
base classifiers. This method is able to naturally reduce
the level of imbalance between contact/non-contact
classes. In addition, a set of interpretable rules are
extracted as a complement to the prediction. The
validation of method performance shows that an
average of 45% of general contacts are correctly
predicted. Moreover, a Z-score comparison of its long-
range contacts predictions (L/5) with participant methods
in CASP11 competition shows that it is competitive with
the state-of-the-art methods.

Keywords. Contact maps, folding patterns, decision
trees, long-range contacts.

1 Introduction

Proteins play a fundamental role in life, tasks such
as catalysis of biochemical reactions, structural

Comp

support, transport of nutrients, signal transmission
allow the proper functioning of living organisms [1].

Proteins can achieve several states of
conformation: amino acid sequence (1D), the local
spatial arrangement of the protein backbone
forming structural motifs (2D), folding in space (3D)
and the combination of several peptide chains
(4D). Folding is the process by which a protein
reaches its 3D structure beginning from the
primary sequence and is closely associated with
the function that they perform in the organism.

Furthermore, a miss-folding prevents proteins
from fulfilling their biological function, allowing the
development of diseases such as Alzheimer's [2],
Cancer [3], Diabetes type Il [4], among others.

Recognizing patterns in folding may be a key
factor in the discovery and development of drugs
for the treatment of such diseases.The
determination of the 3D structure by experimental
methods such as X-ray [5] and NMR [6] is
expensive and time-consuming [7].

Therefore, developing automated learning
methods to predict the structure of proteins is
critical for Dbiologist specialists. Different
computational methods are implemented to predict
protein contact maps.

In short, the main difference between these
methods that is able to influence their results, is if
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they employ similar proteins or homology in the
learning process [8]. However, predicting contact
maps with reliable accuracy is still a problem,
where the values for accuracy recorded in the
CASP competition do not exceed 25% for long-
range contacts [9].

Another problem is that most of the methods
employed are practically black boxes [10], so their
result is not easily interpreted by biologists
specialists, which makes it difficult to understand
the process of folding proteins.

In this article, we propose a multiple classifier of
easy implementation, to predict contact maps of
proteins. The main idea of the method is to
recognize patterns from interaction between
secondary structures and its inter-residual contacts
between them. For this, it uses a scheme of
multiple specialized classifiers based on decision
trees, which allow understanding the context in
which the interactions between secondary
structures occur.

In addition, as a complement of the final
prediction, it is possible to explain the result of the
prediction by means of a set of interpretable rules,
which makes it possible to elucidate the process of
folding proteins.

The article structure is as follows, firstly, in the
introduction section, a brief introduction to the
problem and to the methods of predicting contact
maps is made. In the materials and methods
section, several works related to the prediction of
contact maps and the main paradigms are
analyzed.

Next, we introduce the proposed model, the
feature coding vectors, and highlight the main
differences of the algorithm with respect to the
strategies of multiple classifiers construction. The
decision tree suitability as a base classifier is
analyzed.

And the measures used to evaluate the
performance of the method are listed. In the
analysis and discussion section, the data used for
the validation of the implemented method is
described. Subsequently, the results achieved by
our proposal are analyzed in detail. The
mechanism of interpretation and its advantages
are described. Finally, we present the conclusions
of the article and the future works.
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2 Materials and Methods

2.1 Secondary Structures Interactions and
Inter-Residues Contacts

Contact maps can be associated with different
levels of resolution such as inter-residual or
structural  (a-helix, B-sheets, coils). Both
resolutions are able to represent the spatial
constraints to which proteins are subject inside the
folding process.

But the differences rely upon their benefits,
such as the computational cost, where at the
structural level the contact maps are usually more
compact and therefore allow the use of more
complex algorithms [11]. On the other hand, at the
inter-residual level, there is a higher level of detalil
which provides strong information in the process of
3D reconstruction of the protein [12]. For the
implementation of our multiple classifier, we
assume that a contact map is a symmetric matrix
of length L, where L is the size of the protein
sequence. For these, a pair of residues is in
contact if the distance between its Cg atoms (or Cq
for Gly) is less than 8A [9].

Also for a secondary structures contact map,
two secondary structures are in contact if the
minimum distance between their residues is below
a threshold of 8A [13]. Previous studies have
shown that approximately 90% of the contacts
between residues are closely related to
interactions between secondary structures [14].
Other authors consider that the prediction of such
interactions can be used as an intermediate step
for the prediction of contact maps, in addition, it
constitutes a reduction of the dimension of the
problem [15].

2.2 Related Works

As aforementioned in the introduction, the
prediction of contact maps is a very complex
problem. But it is a much simpler alternative for the
prediction of protein structures since it can be
treated as a classification problem [10].

For the prediction of contact maps (abbreviated
CM), several automated learning techniques have
been used, among which are neural networks [16],
support vector machines [17], among others. But
these methods in their simple version (a single
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classifier) present difficulties facing highly
dimensioned problems, with high levels of
imbalance, characteristics present in CMs. For this
reason, most of the best-ranked methods used to
predict CM currently employ strategies based on
multiple classifiers.

In this section, we refer to different multiple
classifiers used for the prediction of inter-residual
contacts. To starting we highlight to neural
networks which have been the most used models.
Due that to they can be trained to recognize large
scale patterns of interactions between residues. In
[18] is proposed an assembly of neural networks
for the prediction of contact maps. In addition, this
method is able to specifically predict contacts
between Beta residues to improve the final result.
Another interesting method is proposed in [19] that
employs six sub-neural networks and a final
cascade to predict contacts, each subnet being
trained with independent data to improve its
coverage. But the high training costs, as well as the
correct selection of its parameters and the practical
inability to easily interpret its predictions, can be an
arduous task.

On the other hand, in [20] the authors propose
a multi-classifier based on genetic algorithms
combined with sequence’ profile information. Even,
they suggest that 41% of long-range contacts are
related to the central sequence profile (SPC). The
output of the classifier is obtained by fusing the
individual outputs of the base classifiers.

In addition, studies based on genetic algorithms
have shown that the result of their predictions can
be transformed into an interpretable set of rules. In
spite of the advantage that these methods
represent when they can describe their predictions
through rules understandable by humans. The
process of selection of parameters, the correct
operators, and the optimal functions is rigorous.

Consolidating the prediction of several well-
ranked predictors is an option used to obtain the
prediction from methods that employ different
construction mechanisms. In [21] a method is
developed to obtain the contact map by consensus
of several predictors using a logistic regression
model. On the other hand, in [22] is implemented a
method whose final prediction is the result of
evaluating the correlation between its servers
using a measure of maximum likelihood
estimation. Finally, an integer linear programming

method is applied to allocate weights to latent
servers and maximize the difference between
contacts and non-contact between residues.

The advance represented by the different
"points of view" achieved by the combination of the
results of the predictions that come from systems
that use different methods of construction, training,
and data, is biased in that it is impossible to explain
what happens in the folding process.

Finally, we focus on the decision trees, a
machine learning tools that have not been widely
used in the process of predicting contact maps of
protein structures in comparison with other
paradigms of automated learning. Actually
innovative models have made use of its benefits,
such as low sensitivity to imbalance. In [23] a
random-forest model is used for the prediction of
contact maps.

On the other hand, in [24] a reduction of the
alphabet of 20 amino acids to only 10 is proposed
and replacement sampling is used to train a
decision tree ensemble. A multi-classifier system is
developed in [25] which a decision is used for each
possible pair of amino acids interacting tree (in
total 400 base classifiers), the final CM is
calculated by a selector that recognizes that pair of
contacts is activated and predicts its interaction.

Even when these novel advances can be
explanatory with respect to their predictions. They
are unable to explain what happens at different
structural levels in the proteins folding process.

2.3 Our Model

In this article, we implement a combination strategy
of multiple classifiers to predict contact maps. This
strategy is designed to understand the context
where interactions between secondary structures
occur. To achieve that different multiple
specialized classifiers are used to recognize
patterns of interaction between secondary
structures and their inter-residues.

Subsequently, such patterns allow to predict
and refine the interactions, which are integrated
into the final contact map, see Fig. 1.
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Fig. 2. Training scheme of a base multiple classifier used in the proposal

A construction strategy of multiple classifiers is
constituted by four levels; which are, data,
characteristics, classifiers, and the combination of
results [26]. The method implemented in this article
makes particular use of these levels to reach the
final contact map. In the first level (data), it is
common for contact prediction methods to use
information from different sources such as multiple
alignments [27], sequence profile [20].

For our modeling of the problem, a set of
proteins with known secondary structure are
extracted from the PDB (if not known the
secondary structure can be calculated by a 2D
predictor). Then, a selector process is applied to
create disjoint datasets for each type of interaction
between secondary structures (a-a, a/g, a+@3, B-B,
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a-coll, coil-a, B-coil). This selector process ensures
that the problem will be divided in sub-problems,
then each multiple base classifier specializes in
one sub-problem problem. In this way, it is possible
to learn specific patterns for each type of
interaction, which eventually results in specific
rules to describe the folding which is novel for the
prediction of contact maps.

At level two (characteristics), two different sets
of descriptive features are used to create the
training instances, (a) to describe the interactions
between secondary structures and (b) to describe
the inter-residual contacts that belong to
such interactions.

Then with these instances the training sets are
created (8 for interactions between secondary
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structures and 8 for inter-residual contacts). In
addition, each training set for a specific multiple
classifier pass through a sampling process explain
in Fig. 2. This process ensures the diversity in the
multiple classifier. Level three (classifiers), with the
data sets previously created, each pair of multiple
classifiers specialized in predicting and coding (or
refining) of interaction are trained. he combined
fashion to predict all referring to the interaction
combines advantages of both structural and inter-
residual steps such as the first is better detecting
non-local interactions [15]. On the other hand, the
second conveys strong information of the 3D
model [12].

Finally, at level four (combination), there are
different ways to combine the individual predictions
of the base classifiers (in our case multiple
classifiers). Where, in our proposal happen several
operations, first, it is predicted if there is contact
between secondary structures, this decision is
taken by means majority vote of the multiple
classifier dedicated to this task. Subsequently, the
process of refinement occurs, where it is predicted
that a pair of amino acids may be in contact within
the interaction, also by means majority vote. Once
interactions between secondary structures are
predicted and refined, they are integrated into the
final contact map, to do this we opted for a
combination method [28], due to each pair of
multiple classifiers dedicated to predict and refine
the interactions know a part of the problem.

2.3 Training of a Base Multiple Classifier

Each of the multiple base classifiers employed in
the proposal applies this training process, see Fig.
2. The intent of this process is; (1) to deal with one
of the major challenges in the prediction problem
of protein contact maps which is to solve the cost
of predicting the positive class which is at least
1/60 with respect to negative class. And (2),
guarantee the diversity of the base classifiers,
which is a characteristic that must be met by all
multiple classifiers.

To achieve these two objectives, a pre-
processing of the total data set was applied, which
was divided into negative and positive cases (non-
contact and contact class respectively).
Subsequently, the negative cases were divided
into K partitions by means sampling with

replacement, where K is the number of classifiers
in the specialized multiple classifiers (K is set by
the user), finally, the positive cases are replicated
into each of these K partitions.

In the state-of-the-art of contact maps, some
methods are trained in a balanced fashion with
50% positives and 50% negatives [29] or
introducing a probability factor to reduce the
training set [19], that looks for reducing the learning
cycles. In our case, we don’t reduce any positive
instance from the training set because they are
considering as restrictions. Furthermore, with
respect to the sampling with replacement which is
a procedure considered a key strength of some of
the best classifiers in nowadays [30], combined
with the fashion way that we treated the positive
cases contributes to our multiple classifiers to
know different combinations of the search space
always focusing on the positive cases.

2.4 Encoding Features for Secondary
Structures Interactions

In the state-of-the-art, the prediction of interaction
between secondary structures has been treated as
a classification problem [13]. In this article, to
model the interaction of two structures, we coding
each secondary structure to simplified as a unique
entity (or item, Helix, Sheet or Coil), to this way we
can assign attributes such as physical and
chemical properties.

Then we propose an encoding vector based on
several sets of features to describe the context
where the interaction takes place. Given a pair of
secondary structures, the output of the multiple
classifier used to predict their interaction is Contact
or Non-Contact. The training vector used as input
for the multiple classifier contains a total of 206
mixed features.

Where, the traits extracted from a structure are
in total 34 and are described as follows;
Hydrophobicity distribution two inputs (number of
hydrophobic residues, non-hydrophobic), Polarity
distribution four inputs (number of polar, non-polar,
acid, basic residues), Charge distribution five
inputs (number of atoms of hydrogen, nitrogen,
oxygen, sulfur, carbon) Size distribution two inputs
(number of big, small residues), Residues
frequency 20 inputs (one for each amino acid),
length of the secondary structure in residues (one
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Table 1. Description of the attributes used in the residue-encoding vector. Each interaction between considered

residues have a set of these attributes

Features Description Type Entries
For each residue (i, j) and its neighborhoods (window 5 residues)
Hydrophobicity (Hydrophobic, Hydrophilic). Nominal 1
Polarity (Polar, No-Polar, Acid-, Basic+). Nominal
Organic compound (Aromatic, Aliphatic, Unknown Nominal
Organic compound).
Subtotal of features for a window 33
Subtotal of features for the two 66
windows
For the interaction between (i, j) with the opposite residue’s neighborhoods
Residue itoj-1...5andj+1.....5 H-H , NH-NH, ?-? Nominal 10
Residue itoj-1...5andj+1.....5 P-P, A-A, B-B, NP-NP, ? =? Nominal 10
Residue ito j-1...5and j+1.....5 Ar-Ar, Al-Al, UC-UC, ? -? Nominal 10
Residue jtoi-1...5and i+1.....5 H-H, H-NH, NH-NH. Nominal 10
Residue jtoi-1...5and i+1.....5 P-P, A—A, B-B, NP-NP, ? -? Nominal 10
Residue jtoi-1...5and i+1.....5 Ar-Ar, Al-Al, UC-UC, ? -? Nominal 10
Subtotal of features for an interaction 60
Total features for the two target residues and their neighborhoods 126
Separation Number of residues between the Numeric 1
target residues
Contact Class Class (Contact o Non-Contact) Nominal 1
Total of features 128

Legend. Hydrophobic (H), Hydrophilic (NH), Polar (P), No-Polar (NP), Acid- (A), Basic+ (B), Aromatic (Ar), Aliphatic
(Al), Unknown Organic compound (UC), Different type (?—?)

input). A total of 204 features are computed to
overall interaction (the two structures and their
neighborhood, +1 structures). Finally, we add two
inputs more, one for the Separation between
structures (number of intermediate structures) and
other for the interaction Class (Contact or Non-
Contact).

2.5 Encoding Features for Inter-Residuals
Interactions

The contact between two residues (i and j) within
the polypeptide sequence may be conditioned by
various physical and chemical properties related to
the context of the residues [31]. We use a features
vector to encode these properties, where a total of
128 inputs are computed to analyze each pair of
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residues and their neighborhood (it5 and j5).
These features are summarized in Table 1.

2.6 Decision Trees

In our model, we use decision trees to predict
patterns of secondary structures interaction and
inter-residual interactions within each multiple
specialized classifier, specifically the C4.5 [32]
(with C=0.25 and M=4) algorithm implemented in
Weka [33]. Even we experimentally prove other
tree-based method, but we select the
aforementioned by it “simplicity” and also in some
research is used to predict inter-residues contact
[32]. Overall, this paradigm was selected firstly,
require relatively little effort from users for data
preparation, we do not need (mandatory) to worry
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about normalizing the data. They are not sensitive
to outliers since the splitting happens based on the
proportion of samples within the split ranges and
not on absolute values. In addition, they can
handle categorical and numeric attributes which is
important, because we employed a mixed feature
vector as input to the multiple classifiers [34].

On other hand, decision trees without proper
pruning or limiting its growth, they tend to over-fit
the training data, making them weak predictors. So
this disadvantage is considered by some authors,
an advantage, where an unstable tool, combined
into an ensemble, they can create some of the best
binary classifiers [35]. To conclude one of the most
interesting characteristics that incite us to opt to
use decision trees in our model was that, they
could generate rules helping experts to formalize
their knowledge, in our case these rules form part
of an interpretation mechanism of the protein
folding process.

2.7 Evaluation Measures

One of the challenges present in the prediction of
contact maps of protein structures is the cost of
predicting the positive class (contact) with respect
to the negative class (non-contact), due to
imbalance that is present between classes where
is devote to find 1 contact of each 60 non-contacts
[36]. For that reason, it is a demand to use metrics
that give an unbiased idea of the performance of
the methods with respect to the positive class. This
implies that it is necessary to use measures that
reflect the performance of the methods in that
class, penalizing the negative class.

Measures such as Precision and Sensitivity (or
Recall) are commonly used in this case. In
addition, can be used F-measure (or Fm) [37]
which establishes a balance between the precision
and the sensitivity, providing a general idea of the
prediction in function of the negative class. The Z-
score is calculated by means the analysis of how
well the predictions carried out by the predictive
model are distributed [9], and it is a quality index of
the of the predictions made by the proposed
method based on precision Eq.1:

1 http://www.predictioncenter.org/caspll/targetlist.cgi

Inter-residues

o+f o/p all-a all-p
Proteins grouped by SCOP classification

Fig. 3. Imbalance level (ratio) between contact/ non-
contact classes

X —
Z — score = & H’ 1)

where X is a value of the set of prediction values,
M and o are the mean and the standard deviation
for the set of predictions.

2.8 Datasets

In the prediction problem of protein contact maps,
the data sets are composed of proteins of known
structure, downloaded from the PDB [38]. In
addition, with the intention that the predictive
model is trained with various data, the selected
proteins have a similarity level of less than 30%.
Our model was subjected to internal and external
validation, for the internal validation of the model
we created a set of proteins (IVS), which were
divided into eight subgroups according to their
SCOP classification (4) [39] and for the length of
their sequence (4), see complementary materials.

For the external validation of the implemented
method, firstly, a training set was created with 30%
of each subgroup of IVS proteins, and as a test set
we used the set of target proteins of CASP11,
which can be downloaded from the official
competition page?.

One of the challenges faced by the methods of
contact maps prediction is the imbalance between
classes. The Fig. 3 shows the imbalance index in
the sets of proteins used in the experiment before

being divided by sequence length.
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Table 2. Experimental performance of the proposed algorith
in proteins with different sequence lengths

m predicting interactions between secondary structures

. Ls <100 100 < Ls <200 100 = Ls < 200 300<Ls<400 A
Predictor v
Stages a+ of all- all- o+ a/f all- all- o+ a/f all- all- o+ o/f all- all- ¥g

B B a B B a B B a B B a B
Pp o o0 06 06 07 07 07 07 07 07 0,7 07 0,7 07 08 0,7 0,7
73 90 9 5 6 7 3 0 4 4 7 7 4 2 0 1 5
Secondary s o O O6 06 07 08 07 07 07 07 0,7 08 0,7 07 08 0,7 0,7
interactions 74 89 8 6 8 0 5 2 7 7 9 0 8 5 3 4 7
F o o0 06 06 07 07 07 07 07 07 0,7 07 0,7 07 08 0,7 0,7
m 72 88 7 5 6 8 3 1 5 5 8 8 5 3 1 2 5
P o0 O 01 05 04 05 02 04 04 04 04 05 04 04 04 04 04
41 49 5 1 9 2 3 3 3 2 5 2 6 5 2
Inter-residues s o 0 02 03 03 03 03 03 03 03 03 03 0,2 0,2 03 0,2 0,3
interactions 31 32 1 2 4 7 4 1 5 4 5 8 9 9 6 8 2
F o o0 01 03 03 04 02 03 03 03 03 04 03 03 03 0,3 03
m 33 38 6 8 9 2 7 5 8 7 6 4 4 3 9 4 5

Legend. The precision (P), Sensitivity (S) and Harmonic

mean (Fm). Stratification of the sequence by length

(Ls<100, 100<Ls<200, 200<Ls<300, 300<Ls<400). Prediction of the secondary structure interaction, prediction of

the inter-residues interactions

Fig. 3 shows the unbalance index (ratio), where
the highest value is 15. As a reference, some
studies show that this may be 60 (1/60 for contact
/ non-contact), [40]. One of the advantages of the
proposed method is the natural ability to reduce the
imbalance between inter-residues since the data
used for training the classifiers employed to predict
inter-residual interactions only use information
from the structures that make contact, discarding
all possible non-contact within structures that do
not make contact.

3 Results and Discussion
3.1 Internal Validation

For the internal validation, the IVS data set and a
cross-validation method (5x2) were used. In order
to analyze the performance according to the
domain application, the results are divided by
SCOP classification of the proteins and by the
length of the sequence. Table 2Table shows the
average of the two executions for the metrics
Precision, Sensitivity, and Fm.

Computacion y Sistemas, Vol. 22, No. 4, 2018, pp. 1559-1571
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Table 2 shows the performance achieved by
the method for the prediction of interactions
between secondary structures and for the coding
of residues that interact within these interactions.
When analyzing the predictive capacity of
interactions between secondary structures, the
method achieves an average accuracy of 75%,
with a maximum of 90% in a/f proteins. When we
consider the SCOP classification of proteins, in
general, our proposal performs better on a/ and
all-a proteins, with a general average per group of
78% and 75%, respectively.

This suggests that the method is able to better
interpret patterns of interaction between secondary
structures in a-helix-dominated proteins. When we
take into account the length of the sequence, the
method reaches similar accuracy for all groups
with an average of 76%. This is important since the
method is not affected by increasing the sequence
length, this due to the capacity to recognize local
and non-local interactions.

When we analyze the Fm, we can verify the
good performance of the method where the
general average for this metric is 75%, which
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suggests the good balance between Precision and
Sensitivity in terms of the prediction of interactions
between secondary structures. Secondary
structures interaction patterns differ with the
topology of the protein [11], the performance of the
implemented method shows that specializing can
be a good way of dealing with this problem. Also,
the unbiased prediction for local and non-local
interactions can contribute to the prediction of long-
range contacts.

The prediction of interactions between
secondary structures is a crucial step for which our
proposal obtains good results. The next step is to
code such interactions by predicting inter-residual
contacts. First, the general inter-residual prediction
capacity (for the entire sequence) of the
implemented method was analyzed. Where we
take into account the SCOP classification, the best
performance is reached in all-B proteins, with 49%
accuracy (a state-of-art average standard [10]).

Several studies suggest that methods of
predicting residues contact are able to learn better,
patterns of inter-residual interaction from B-sheet
structures [18], which is interesting for us since our
method behaves similar to algorithms state-of-the-
art (for this possibility), in addition, in these protein
group our method reaches a maximum of 55%
accuracy. Whereas, the worst performance in
terms of precision for the prediction of inter-
residual contacts is achieved in the set of all-a
proteins, averaging 31%. Also, when the sequence
length is taken into account, the performance
achieved by the method is practically similar with
an average of 43%, for the groups. Behavior that
confirms that the sequence length does not affect
the performance of the method.

As we can see, there is a difference between
the contribution of the prediction at both the
structural and inter-residual levels. Where at the
inter-residual level it is difficult to the methods to
understand that some parts of the context for some
residues are feasibilities, for others are restrictions.
Definitely, this drawback is better handled by the
structural prediction level.

However, the method for all the inter residues
contacts in the sequence performs practically
similar for the entire domain of application.

Precision in long range contacts

Oall-o Oall-p Do+p Oo/B
0,20

0,15
0,10
0.05

0,00
Top5 L/10 L/5

Fig. 4. Precision achieved by the method for long-
range contacts (Top5, L/10, L/5, where L is the length
of the sequence)

3.1.1 Long-Range Contacts

Long-range contacts occur in a separation
between residues of more than 24 residues in
length. This type of contact is considered too
complex to predict because inter-residual contacts
decrease with increasing sequence separation,
which implies a low number of patterns to
recognize. To analyze the predictive capacity of
the method implemented, we selected the results
obtained in the internal validation for groups of
proteins grouped by their SCOP classification and
with a sequence length between 300 and 400
amino acids. Fig. 4 shows the precision results.

As Fig. 4 shows the method achieves a
maximum precision value in 16% approximately.
And we can note that best behaves is in Top5 long-
range contacts. Even for Top5, the performance is
similar for all-a and all-§ protein groups. As we can
observe in this figure, the precision values still low
with respect to the precision values achieved for
the all sequence contacts (Table 2), but the
capacity of the method of having a similar behaves
at least for all-a and all-p top5 contacts is a key-
view of the generalization capability of our
algorithm.

3.2 External Validation

In this analysis, we compare the long-range
contact prediction capacity of our method with
state-of-the-art well-ranked algorithms
participating in the CASP11 competition. Taking
into account the results presented by the official
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CASP 11 - Long -range contacts (L/5)

100

B0
= @
=
= 4
x
L]
L O R . SR g
K 2 y o @&‘3' E S aE ‘Fﬁ’-‘ q}\;. ‘_ﬁ\ & {59 \F\}
Gl [ F7 A% ’
P N, ! g &Y = Lt )
A o W= ':# & \'_f\. O‘R}‘ o
& ... - ) ;
ki O Rl S S o
o sy v g
A 27 5
A o
= v

Brzcizion

Y , e - W T, by B & o
[ S T s P - - g
P O el BV F & &
QY 4r QY ) &%
- - S e A
PR P &
Y ad ,;__:-‘_" R iﬁ\

- -
L-5000=

Fig. 5. Comparison of the proposed method with the CASP11 algorithms, the blue and orange bar are de precision
and Z-score for the methods. The algorithm identification below in the y-axis is the ID related to the method’s name.

Our method is labeled as SSlcm

page competition, see complementary materials.
Fig. 5 shows the precision and Z-score values for
all the algorithms plus our method (SSicm), in
addition, with the intention to highlight the relation
of both measures the results are sorted by the
average of these metrics.

As we can appreciate in Fig. 5, our method
SSlecm does not achieve the best precision results,
but even we note that our precision value is better
than the values obtained by five well-known
methods such as Distill (a method that consist in
set of servers), eThread, nns, raghavagps-paaint
or FoDTcm (which integrates a forest of decision
trees). Whereas, in terms of Z-score our predictor
have one of the highest results, overcome the
majority of the methods. This means that our
method can assign contacts with a high reliability.
Taking into account the relation both metrics, we
are ranked in the top-10, which suggests that the
method can be competitive with some of the best
methods of the state-of-the-art present in this
competition.

3.3 Prediction Interpretation Mechanism

Understand the protein folding process is
fundamental to Bioinformatics research field.

In this sense, our model can provide a set of
rules (if-then-else) resulting from their prediction

process. These rules describe the of proteins
folding at different levels by means integrating the
rules generated by both, the predictor of the
secondary structure interaction and the inter-
residual interaction, a small sample of these rules
in shown in Fig. 6.

In the shown rules we can highlight
characteristics of the interactions between
secondary structures such as: the sub-sequence
(SubSeq) existing between two secondary
structures where elements such as the Small coils
are important, as well as the separation between
structures (Separation < 4).

Also, particularities of inter-residual interactions
such as properties that the neighborhood of the
target residues. In addition, threshold values for
the residues belonging to the sub-sequence that is
formed between i and j. At the end, these rules can
be used in the developing drugs process as
properties or requirements to be met [41], or as
restrictions on the reconstruction of unknown or
damaged proteins [42].

The mechanism employed to convert this set of
rules in an interpretable expression is the same
proposed in previous research [25]. Given the
large volume of rules, it would be difficult to inspect
them manually; therefore, it is possible to extract
global statistics from the complete set of rules. In
this sense, the rules were sorted by confidence
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(1) IF (2Dj[frrr)] = 0.037 AND SubSeq [fismall cois)] > 0 AND 2Dj[faLa)] < 0.79 AND SubSeq [fismall sheets)] <
1) AND (RRg,j) != Polar AND Separation = 1 AND Subseq[fser)] < 0.22 AND Subseq([frrg)] < 0.70 AND

RRrs) = Hydrophobic) THEN Contac (25.0)

(2) IF (2Dj[fasp)] = 0.25 AND SubSeq [f(ig coiis)] < 2 AND 2Dj[fHis)] < 0.37 AND SubSeq [f(small sheets)] < 1)
AND (RRg, jiuy = Acid AND Subseq[fryr) > 0.19 AND Subseq[frre) < 0.77 AND RRqi4, j = Hydrophobic
AND Subseq[fLuy < 0.72) THEN Contact (14.0/1.0)

(3) IF (2Dj[feLy)] = 0.50 AND ubSeq [fismail Helix] > 2) AND Separation < 4 AND (RRg, j) '= Non-Polar AND
Subseq[fasp) > 0.25 AND Subseq([foLe) < 0.23 AND RRi2, j) = Polar AND Subseq[fLy) < 0.60) THEN

Contact (62.0/7.0)
ELSE Non-Contact (12.0)

Fig. 6. Example of the rule

level (top-down). Therefore, the most important
rules must appear on the top. These rules became
as easier and interpretable clues of the protein-
folding process for the prediction of
unknown structures.

4 Conclusions

After decades of intense research, the prediction of
protein’ contact maps still is a complicated problem
which demands a deeper effort for researchers. In
this article, we implement a novel model that
employed decision trees and two steps (prediction
and refining) of specialized context prediction to
achieve the final contact map. In the first step
intended to predict the secondary structure
interaction, the method shows its suitability with an
average precision of 75% and its capacity
suitability for non-local interactions. Then in the
second step, refining these interactions, the
method was able to differentiate contact of non-
contact with average 45% of precision for all the
protein. Also, a comparison with algorithm
participant in the CASP11 competition our method
shows that is competitive with the state-of-the-art.
An advantage of the model proposed is a
mechanism to interpret the prediction which is
useful to understand the protein folding process. In
addition, the methods naturally reduce the
imbalance between inter-residues classes.

5 Futures Works

Improve the prediction of long-range contacts, and
the integration of new features to better understand

the specific contact patterns for the different types
of interaction between secondary structures.

Acknowledgments

This research is inserted in the doctoral program in
Applied Informatics, developed by the Informatics
Research Center, University “Marta Abreu” of Las
Villas in Cuba. Authors thanks to researchers at
Center of Chemical Reagents, Central University
“Marta Abreu” of las Villas, Cuba; the Bioplantas
Research Center and the Faculty of Informatics, in
the province of Ciego de Avila, Cuba, for his useful
discussions on this crucial topic. Also, we thank the
anonymous reviewers for their valuable comments.

References

1. Rost, B. (1998). Protein structure prediction in 1D,
2D, and 3D. Encycl Comput Chem, pp. 2242— 2255.

2. Appel, S. H. (1981). A unifying hypothesis for the
cause of amyotrophic lateral sclerosis, parkinsonism,
and Alzheimer disease. Ann Neurol, Vol. 10, pp.
499-505. DOI: 10.1002/ana.410100602

3. Sun, J. & Zhao, Z. (2010) A comparative study of
cancer proteins in the human protein-protein
interaction network. BMC Genomics, Vol. 11, No. 3,
DOI: 10.1186/1471-2164-11-S3-S5.

4. Pradhan, A. D., Manson, J. E., Rifai, N., & et al.
(2001). C-reactive protein, interleukin 6, and risk of
developing type 2 diabetes mellitus. Jama, Vol. 286,
pp. 327-334. DOI: 10.1001/jama.286.3.327.

5. Geerlof, A., Brown, J., Coutard, B., Egloff, M. P.,
Enguita, F. J., Fogg, M. J., Gilbert, R. J. C.,
Groves, M. R., Haouz, A., Nettleship, J. E,,
Nordlund, P., Owens, R. J., Ruff, M., & Sainsbury,
S. (2006). The impact of protein characterization in

Computacion y Sistemas, Vol. 22, No. 4, 2018, pp. 1559-1571

doi: 10.13053/CyS-22-4-2827


https://doi.org/10.1002/ana.410100602
https://doi.org/10.1186/1471-2164-11-S3-S5

ISSN 2007-9737

1570 Julio C. Quintana-Zaez, Reinaldo Molina-Ruiz, Cosme E. Santiesteban-Toca

10.

11.

12.

13.

14.

15.

16.

Computacion y Sistemas, Vol. 22, No. 4, 2018, pp. 1559-1571
doi:

D Biol
DOIl:

structural proteomics. Acta Crystallogr
Crystallogr, Vol. 62, pp. 1125-1136.
10.1107/S0907444906030307.

Codd, S. L. & Seymour, J. D. (2008). Magnetic
resonance microscopy. John Wiley & Sons.

Gupta, N., Mangal, N., & Biswas, S. (2005).
Evolution and similarity evaluation of protein
structures in contact map space. Proteins Struct
Funct Bioinforma, Vol. 59, pp. 196-204. DOI:
10.1002/prot.20415.

Kukic, P., Mirabello, C., Tradigo, G., Walsh, 1.,
Veltri, P., & Pollastri, G. (2014). Toward an
accurate prediction of inter-residue distances in
proteins using 2D recursive neural networks. BMC
Bioinformatics, Vol. 15, No. 6. DOI: 10.1186/1471-
2105-15-6.

Adhikari, B., Deng, X., Li, J., Bhattacharya, D., &
Cheng, J. (2013). A Contact-Assisted Approach to
Protein Structure Structure Prediction and Its
Assessment in CASP10. Atrtificial Intelligence and
Robotics Methods in Computational Biology:
Papers from the (AAAI"13), pp. 1-6.

Marquez-Chamorro, A. E., Asencio-Cortés, G,
Santiesteban-Toca, C. E., & Aguilar-Ruiz, J. S.
(2015). Soft computing methods for the prediction of
protein tertiary structures: A survey. Appl Soft
Comput, Vol. 35, pp. 398-410. DOL:
10.1016/j.as0c.2015.06.024.

Pollastri, G., Vullo, A., Frasconi, P., & Baldi, P.
(2006). Modular DAG-RNN architectures for
assembling coarse protein structures. J Comput
Biol., Vol. 13, pp. 631-650. DOI:10.1089/
cmb.2006.13.631.

Bartoli, L., Capriotti, E., Fariselli, P., Luigi, P., &
Casadio, M. (2008). The pros and cons of predicting
protein contact maps. Protein Struct Predict, pp.199—
217. DOI:10.1007/978-1-59745-574-9_8.

Di-Lena, P., Nagata, K., & Baldi, P. (2012). Deep
architectures for protein contact map prediction.
Bioinformatics, Vol. 28, pp. 2449-2457. DOI:
10.1093/bioinformatics/bts475.

Quintana-Zaez, J. C., Quintana-Bernabé, N.,
Giraldez-Rojo, R., Molina-Ruiz, R., Cosme, E. &
Toca, S. (2017). Predictor de interacciones entre
estructuras secundarias de proteinas. Rev Cuba
Cienc Informaticas, Vol. 11, pp. 105-113.

Vullo, A. & Frasconi, P. (2002). A bi-recursive
neural network architecture for the prediction of
protein coarse contact maps. |IEEE Proceedings
Computer Society Bioinformatics Conference, pp.
187-196. DOI: 10.1109/CSB.2002.1039341.

Chen, P., Huang, D. S., Zhao, X. M., & Li, X. (2008).
Predicting contact map using radial basis function

10.13053/CyS-22-4-2827

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

neural network with conformational energy function.
Int. J. Bioinforma Res. Appl., Vol. 4, pp. 123-136.
DOI: 10.1504/IJBRA.2008. 018340.

Howe, C. W. & Mohamad, M. S. (2011). Protein
Residue Contact Prediction using Support Vector
Machine. World Acad. Sci. Eng. Technol., Vol. 60,
pp. 1985-1990.

Tegge, A. N., Wang, Z., Eickholt, J., & Cheng, J.
(2009). NNcon: improved protein contact map
prediction using 2D-recursive neural networks.
Nucleic Acids Res, Vol. 37, pp. W515-W518. DOI:
10.1093/nar/gkp305.

Ding, W., Xie, J., Dai, D., Zhang, H., Xie, H., &
Zhang, W. (2013). CNNcon: Improved Protein
Contact Maps Prediction Using Cascaded Neural
Networks. PLoS ONE, Vol. 8. DOI:10.1371/
journal.pone.0061533.

Chen, P. & Li, J. (2009). Prediction of protein long-
range contacts using GaMC approach with sequence
profile centers. IEEE International Conference on
Bioinformatics  and Biomedicine  Workshop,
(BIBMW'09), pp. 128-135. DOI:
10.1109/BIBMW.2009.5332116.

Yang, J. Y. & Chen, X. (2011). A consensus
approach to predicting protein contact map via
logistic regression. Bioinformatics Research and
Applications,  Springer, pp. 136-147. DOL:
10.1007/978-3-642-21260-4_16.

Gao, X., Bu, D., Xu, J., & Li, M. (2009). Improving
consensus contact prediction via server correlation
reduction. BMC Struct. Biol. DOI: 10.1186/1472-
6807-9-28.

Li, W. (2010). Contact Map Prediction.

Ren, C. & King, B. R. (2014). Predicting protein
contact maps by bagging decision trees.
Proceedings of the 5th ACM Conference on
Bioinformatics, Computational Biology, and Health
Informatics, pp. 649-650. DOI: 10.1145/2649387.
2660818.

Santiesteban-Toca, C. E., Casanola-Martin, G. M.,
& Aguilar-Ruiz, J. S. (2015). A Divide-and-Conquer
Strategy for the Prediction of Protein Contact Map.
Lett Drug Des Discov, Vol. 12, pp. 124-130.

Kuncheva, LI. (2004). Combining pattern classifiers:
methods and algorithms. John Wiley & Sons.

Jones, D. T., Buchan, D. W. A., Cozzetto, D., &
Pontil, M. (2012). PSICOV: precise structural
contact prediction using sparse inverse covariance
estimation on large multiple sequence alignments.
Bioinformatics, Vol. 28, pp. 184-190. DOI:
10.1093/bioinformatics/btr638.

Kuncheva, LI. (2004). Combining pattern classifiers:
methods and algorithms. J. Wiley.


https://doi.org/10.1186/1471-2105-15-6
https://doi.org/10.1186/1471-2105-15-6
https://doi.org/10.1016/j.asoc.2015.06.024
https://doi.org/10.1089/cmb.2006.13.631
https://doi.org/10.1109/CSB.2002.1039341
https://doi.org/10.1504/IJBRA.2008.018340
https://doi.org/10.1109/BIBMW.2009.5332116
https://doi.org/10.1145/2649387.2660818
https://doi.org/10.1145/2649387.2660818

29.

30.

31.

32.

33.

34.

35.

36.

ISSN 2007-9737

Tree-based Secondary Structure Interactions Predictor Method for Protein Contact Maps 1571

Karakas, M., Woetzel, N., & Meiler, J. (2010).
BCL::Contact—-Low Confidence Fold Recognition
Hits Boost Protein Contact Prediction and De Novo
Structure Determination. J. Comput. Biol., Vol. 17,
pp. 153-168. DOI: 10.1089/cmb. 2009.0030.

Dehzangi, A., Phon-Amnuaisuk, S., & Dehzangi,
0. (2010). Using Random Forest for Protein Fold
Prediction Problem: An Empirical Study. J Inf Sci
Eng., Vol. 26, pp. 1941-1956.

Gromiha, M. M. (2009). Multiple Contact Network Is
a Key Determinant to Protein Folding Rates. J Chem
Inf  Model, Vol. 49, pp.1130-1135. DOI:
10.1021/ci800440x.

Santiesteban-Toca, C. E. & Aguilar-Ruiz, J. S.
(2011). DTP: decision tree-based predictor of protein
contact map. Modern Approaches in Applied
Intelligence. Springer. pp. 367-375.

Hall, M., Frank, E., Holmes, G., & et al. (2009). The
WEKA data mining software: an update. ACM
SIGKDD Explor Newsl, Vol. 11, pp. 10-18.

Rokach, L. & Maimon, O. (2014). Data mining with
decision trees: theory and applications. World
scientific.

Latinne, P., Debeir, O., & Decaestecker, C. (2002).
Combining different methods and numbers of weak
decision trees. Pattern Anal Appl, Vol. 5, pp. 201—
209.

Fariselli, P. & Casadio, R. (1999). A neural network
based predictor of residue contacts in proteins.
Protein. Eng., Vol. 12, pp. 15-21. DOL
10.1093/protein/12.1.15.

37.Powers, D. M. (2011). Evaluation: from precision,
recall and F-measure to ROC, informedness,
markedness and correlation.

38.Rose, P. W.,, Bi, C., Bluhmm, W. F., Christie, C. H.,
Dimitropoulos, D., Dutta, S., Green, R. K,
Goodsell, D. S., Prli¢, A., & Quesada, M. (2013).
The RCSB Protein Data Bank: new resources for
research and education. Nucleic Acids Res, Vol. 41,
No. D1, pp. D475-D482. DOI: 10.103/ nar/gks1200.

39. Andreeva, A., Howorth, D., Chothia, C., Kulesha,
E., & Murzinl, A. G. (2014). SCOP2 prototype: a new
approach to protein structure mining. Nucleic Acids
Res, Vol. 41, No. 11, pp. D475-D482.
DOI:10.1093/nar/gkt1242.

40. Fariselli, P., Olmea, O., Valencia, A., & Casadio,
R. (2001). Prediction of contact maps with neural
networks and correlated mutations. Protein. Eng.,
Vol. 14, pp. 835-843. DOI:
10.1093/protein/14.11.835.

41.Kelley, L. A. & Sternberg, M. J. E. (2009). Protein
structure prediction on the Web: a case study using
the Phyre server. Nat Protoc., Vol. 4, pp. 363-371.
DOI: 10.1038/nprot.2009.2.

42.Konopka, B. M., Ciombor, M., Kurczynska, M., &
Kotulska, M. (2014). Automated Procedure for
Contact-Map-Based Protein Structure
Reconstruction. J Membr Biol., Vol. 247, pp. 409—
420. DOI: 10.1007/s00232-014-9648-x.

Atrticle received on 11/07/2017; accepted on 12/03/2018.
Corresponding author is Julio C. Quintana-Zaez.

Computacion y Sistemas, Vol. 22, No. 4, 2018, pp. 1559-1571
doi: 10.13053/CyS-22-4-2827


https://doi.org/10.1093/protein/12.1.15
https://doi.org/10.1093/protein/14.11.835

