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Abstract—In this paper we present a contact map predictor 

that has been trained using unbalanced training. The 

training set has been built based on typical, for this problem, 

feature space: predicted solvent accessibilities and predicted 

secondary structures. To show that oversampling negative 

class improves prediction accuracy we have built two 

predictors that are based on neural networks and decision 

trees, respectively. The influence of the size of the non-

contact class in the training set has been analyzed. We have 

observed that significantly better results are obtained when 

the size of the non-contact class is at least 4 times larger 

than contact class, while the optimal oversampling depends 

on the type of contacts and learning algorithm used. Our 

final predictor - PLCT – took part in CASP11 where in one 

of the category took 3th place. PLCT is available at 

http://promap.is.umk.pl/. 

 

Index Terms—neural networks, decision trees, contact maps, 

contact maps prediction 

 

I. INTRODUCTION 

Resolving protein structure is one of the ultimate tasks 

in structural biology. Experimental methods for protein 

structure determination such as X-ray crystallography, 

NMR (Nuclear Magnetic Resonance) are expensive, time 

consuming and in some cases not feasible. Therefore 

prediction of protein tertiary structure from the primary 

structure remains central problem of computational 

biology. There are many approaches to this problem, 

most of which relay on intermediate sequence-based 

predictions of amino acids residues attributes, including 

secondary structure [1], [2], solvent accessibility [3], [4] 

or contact map [5], [6]. These intermediate predictions 

have been shown to play a critical role in improving the 

overall accuracy of protein structure prediction. 

The 3D structure of a protein can be represented by a 

two-dimensional matrix, called distance map, which 

contains distances between all residues in the protein 

structure. Distance maps are often simplified to their 

binary projection, called contact map. The distances are 

replaced by binary values that symbolize contacts. Two 

residues are in contact if they are close enough (according 

to some arbitrary threshold) to each other. Although 

contact map is just an approximation of the overall 

topology of the protein it is very useful in many 
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applications including protein structure and fold 

prediction [7]. 

Many approaches for the contact map prediction from 

the primary sequence have been proposed. They may be 

divided into two types: pure statistical methods and those 

utilizing machine learning algorithms. The most 

important statistical methods are based on identification 

of correlated mutations [8], calculation of the mutual 

information between columns in the multiple sequence 

alignment [9] or recently published sparse inverse 

covariance matrix [10]. Some of these methods have also 

been utilized in machine learning approaches. 

Application of machine learning methods involve 3 

distinct phases: training set preparation, learning from 

data (often coupled with feature selection to identify the 

optimal representation of the problem at hands) and 

validation. Finding the most appropriate features that 

enable accurate discrimination of contact and not-contact 

classes is not an easy task. To date, many feature spaces 

for the problem of contact map prediction have been 

proposed. Many of previously published methods 

incorporate predicted secondary structures and solvent 

accessibilities as part of their feature spaces. Among the 

other features used in contact map prediction the most 

commonly used are: evolutionary information represented 

by profiles generated using PSI-BLAST [11], sequence 

conservations and correlated mutations [12], [13], 

hydrophobicity profiles of amino acids [6], some 

statistical measures such as: mutual information,  

correlation of the profiles at specific positions or pairwise 

potentials [5]. 

Neural networks are most often selected as the 

machine learning algorithm for contact map prediction 

[14], [15]. There is a large number of architectures of 

neural networks used for contact map predictions. 

Starting from simple ones that consist of one hidden layer 

with from 8 to 100 nodes and output layer with one or 

two nodes [16], [13] through more complex architectures 

that are utilizing sub-networks and final cascade network 

that combines results from sub-networks [17], or 

architectures that are based on recurrent neural networks 

[14] up to deep architectures [18]. Other machine 

learning algorithms, including SVMs [5] have also been 

applied for contact map prediction problem. 

It has been argued in [19] and recently in [20] that for 

binary classification problems, and contact map 

prediction can be cast as the binary problem, it is better to 
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use balanced training set. Following this argument, most 

published methods aims to build a balanced training set 

by including a roughly equal number of vectors from 

each class. Since there are much more of non-contact 

than contact cases balancing the training set can be 

achieved e.g. by randomly sampling non-contact 

instances. In this work we argue that using a balanced 

training set has some drawback: a lot of information that 

exists in discarded vectors is not exploited. 

Although contact map prediction is the typical 

classification problem the accuracy measure used in 

many papers as well as in CASP competition is very 

special. The accuracy measure is focused only on contact 

class, the prediction of non-contact instances is ignored, 

besides only limited number of contacts are considered. 

Whereas, in the typical classification problem, the contact 

vs. non-contact class must be assigned to all vectors in 

the training and test set. The special character of accuracy 

measure for this problem cause that the conclusions of 

[20] that it is better to use balanced training set does not 

hold any more. 

We present two methods trained on unbalanced 

training set that are based on neural network and decision 

trees. In both cases accuracy of prediction substantially 

improved after unbalanced training set utilization. 

II. CONTACT MAP DEFINITION 

There are several different definitions of residue-

residue contacts. In this paper we follow the definition 

used in CASP competitions 

(http://predictioncenter.org/casp9/index.cgi?page=format), 

which states that two residues are in contact when the 

Euclidean distance of their respective Cβ atoms (Cα- for 

glycines) is less than a given threshold and the sequence 

distance is sufficiently large. Given a protein of L 

residues, contact map S is evaluated as a binary 

symmetric L x L matrix, where L is the length of a protein 

sequence. An [i,j] element in matrix S is set to 1, when 

the distance between i-th and j-th residues is smaller than 

a cutoff value and 0 otherwise: 

1 3 2
1 ,

0

ij

ij

if T T i j T
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               (1) 

where Δij is the Euclidean distance between Cβ atoms of i 

and j residue. We adopted 8 Å as T1 distance threshold 

and 6 as T2 - the sequence separation of two residues 

threshold. Because of the fact that we observed that our 

predictor was unable to correctly predict contacts 

between residues that are in sequence further then 40 

residues we introduced additional threshold T3 that limits 

the number of considered contacts. 
In section Results we also present level of accuracy 

prediction that depends on the range of contacts. There, 

we follow definition of contact range used in CASP: S R 

- short range contacts 6≤|i-j|<12, MR - medium range 

contacts 12≤|i-j|<24, LR - long-range contacts 24≤|i-j|, 

LRT - long-range contacts 24≤|i-j|≤40. 

III. ACCURACY MEASURES 

Most of the existing methods that utilize machine 

learning algorithms for contact map prediction balance 

the training set. This is usually important in typical 

classification problems where accuracy measures like 

sensitivity, specificity or Matthews correlation coefficient 

are used. However, in the case of protein contact 

prediction, typical accuracy measures are dominated by 

the prediction of the non-contact class. Consequently, 

although the prediction accuracy might be very high, 

according to the applied measures, its usefulness is very 

limited. That is why measures used to evaluate prediction 

do not take into account false negative predictions. 

Moreover only limited number of the best predicted 

contacts are considered. Here we are following measures 

that are introduced in CASP competition. The standard 

measure for performance evaluation of contact maps 

prediction is defined as: 

100
TP

Acc
TP FP

 


                        (2) 

where TP (true positive) is the number of correctly 

predicted contacts, FP (false positive) is the number of 

non-contacts predicted as contacts. Out of all possible 

contacts only the best 5, L/10, L/5, L/2 predicted contacts, 

where L is the length of protein, are taken into account. 

Accuracy is evaluated for each protein in the test set 

separately and averaged over all tested proteins. 

IV. TRAINING AND TEST SETS 

We trained our system using the same training set as 

the one used for training SABLE server (designed for 

secondary structure predictions) [3]. The dataset consists 

of 860 non-redundant proteins each of which is the 

representative of PFAM family.  Proteins whose 

backbone is interrupted or the number of contacts is 

smaller than the number of the amino acids in the protein 

have been excluded. A dataset that consists of 617 

proteins has been obtained. 

There are two classes where the first class consists of 

residue pairs that are in contact so have the distance 

below specific threshold (8 Å) and all other residue pairs 

belong to the second class. The number of instances of 

first class in our training set is 165560 and is much lower 

than in the second class which was 3602025.  Since the 

training file was huge, and we had limited resources, we 

decided to split it into three training sets that correspond 

to three types of contacts considered. Both classes contact 

and non-contact were built only from instances that 

correspond to the range considered, so for SR contact 

range we had 47315 contact instances and 830226 non-

contact, MR – 57172 versus 1314767 and LR – 61073 

and 1457032. 

For test sets we used the same sets that were used for 

SABLE server evaluation. There are 603 protein chains 

(with 143000 residues) with no homology to proteins 

included in the training that were originally grouped into 

4 datasets referred to as S156 (156 structures submitted to 

PDB from January through March of 2002), S135 (135 
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structures submitted from April through June), S163 (163 

structures submitted from July through September), and 

S149 (149 structures submitted from October through 

December of 2002) but we created one test set that, in the 

paper, is called the TEST set. The list of protein 

structures in the training and all control sets can be 

downloaded from http://sable.cchmc.org. 

V. FEATURE SPACE 

Features space for our predictor has been built in a 

similar way as the one in PROFCon [16]. For each 

considered residue pair (i, j) the window of 9 residues, 

called context window, centered around residue i and j is 

considered. To describe the area between residue i and j 

additional window of length 11, centered in the middle of 

residue i and j, is used. 

All residues in a window are represented by two types 

of features: Relative Solvent Accessibility (RSA), 

represented by real values, and Secondary Structures (SS). 

There is a number of definitions (and available programs) 

of secondary structures that are based on the different 

criteria: Cα distances, dihedral angles, specific patterns of 

hydrogen bonds. Here, we used the DSSP program with 

default parameters to define SS and RSA states for each 

amino acid residue. We used two methods to predict 

secondary structures, namely SABLE and Psipred [1]. 

Secondary structure of each residue has been coded by 

confidence factors obtained from predictors. This kind of 

coding, compared to binary coding used by most 

published methods, improves prediction accuracy by 1 to 

3 percent points. Somewhat similar coding has been 

already used by PROFCon. However, PROFcon still 

utilizes binary encodings of secondary structure, with the 

reliability index for the winner class. RSA predictions 

used by us have been obtained from the SABLE server 

and were represented by real values. 

In addition to the features that represent the sliding 

window, we used one additional feature that represents 

the distance between residue i and j along sequence 

calculated as follows: 

ij

i j
d

L


                                  (3) 

where 

important role in short contact prediction. 

The contact class for our neural network was coded by 

value 1 and non-contact by 0. 

VI. TRAINING AND TESTING PROTOCOL 

We have examined two approaches to training sample 

selection. In the first one (called SAMPLING1), we 

extracted 10000 data items marked as contacts in the 

training data and different counts of the non-contact 

examples (1, 2, …, 10 times the count of contacts). In the 

second approach (called SAMPLING2) we took all the 

contact data from the training set and selected different 

counts of the non-contact examples, also as the multiples 

of the contact sample size. Here, the diversity of the 

models is a result of using different negative class 

examples. Different proportions of the classes have 

facilitated a robust analysis of the influence of negative 

class sample on the final results. 

A. Neural Network 

All Neural Networks (NNs) generated by us were built 

and trained using SNNS [21] simulator. For each of the 

contact range we built a separate predictor, so finally we 

have three predictors. We randomly selected 3% of the 

data from the training set. Selected data has been used at 

the end of building predictor phase where we were 

choosing networks for committee. 

The best architecture of neural networks and all 

learning parameters were found using 10 fold cross-

validation procedure. In this procedure, the dataset is 

randomly partitioned into 10 equal size subsets. 

Subsequently 10 iterations of training and testing are 

performed such that within each iteration a different 

subset of the data is held-out for testing and the 

remaining 9 for training. Additionally in each fold from 

the training set 10% randomly selected vectors are used 

for validation of the neural network. When the accuracy 

on the validation set dropped down, the training process 

of the neural network was stopped. The final prediction 

evaluation was calculated as the sum of accuracy on test 

set obtained in each of the fold. 10 fold cross-validation 

procedure was repeated 5 times for each of the tested 

architectures. 

Final best architecture of the neural network consists 

of one hidden layer with 40 nodes and the output layer 

with 1 node. As the learning algorithm standard RProp 

[22] (Resilient propagation) was used. 

In typical classification problem some threshold of 

activation value must be defined below or above which 

the tested vector is assigned to one or the other class. In 

contact map prediction we made ranking of all tested 

vectors, which belong to one protein, based on the value 

of activation function of output neuron. From the ordered 

vectors only k requested best vectors are selected as 

contacts. Activation value of the output node for contact 

vector depends on the number of non-contact instances 

that are “similar” to the contact one. The more non-

contact instances the smaller excitation is expected, that 

is why adding more vectors to the non-contact class 

improves the ordering. But from the point of view of 

typical classification measures, where all, not only 

limited number of testing vectors are considered, this 

methodology will lower accuracy, because some 

activation threshold for classification must be defined. 

The distribution of the activation values strongly depends 

on the type of the protein. For some of the proteins 

activation for all tested vectors might be very low and in 

such cases if the threshold is defined all tested vectors 

(proteins) are treated as non-contacts, whereas looking at 

ranking we are still able to select the required number of 

contacts having a reasonable accuracy at the same time. 

To improve final prediction, for each of the contact 

range, instead of single neural network we built a 

committee of 15 networks. To select the predictors to be 

included in the committee, we chose networks obtained in 
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cross-validation procedure with the lowest correlation 

between each other. 

B. Decision Trees 

Decision Trees (DTs) belong to the most frequently 

used models of machine learning. Unfortunately, single 

DTs may be insufficiently accurate and black-box 

systems seem more attractive because of more accurate 

predictions. Therefore, many efforts have been 

undertaken to learn a number of DTs that can act together 

providing high accuracy. Such committees of decision 

trees have been successfully applied to various types of 

data. One of the successful techniques is called bagging 

DTs [23]. It creates a bunch of DTs by performing a 

number of independent processes consisting of drawing a 

data sample on the basis of the training data and learning 

a DT. The standard way to determine the training samples 

is to draw independently n data items (with possible 

repetitions) from the training data containing n items. As 

a result, the expected probability of that a given item 

belongs to a sample (called bootstrap sample) is close to 

0.632 [24]. In this way, each sample provides different 

information to the learner and the final trees can be 

diverse (most DT induction methods are deterministic, so 

there is no diversity without diverse training data 

samples). The diversity of the set of DTs is the basis of 

the generalization capabilities of the bagged DT 

committees. To maximize the diversity, the DT models 

are not pruned (pruning processes cut some DT splits to 

avoid overfitting the training data, but this is not desirable 

when bagging DTs, as the generalization abilities come 

from averaging decisions of diverse models). As a side 

effect, resigning from pruning speeds the learning process 

up. 

In the case of searching for contacts in proteins, where 

the goal is to correctly predict a number of contacts, not 

to obtain high overall mean of classification accuracy, it 

is important to predict properly just a number of top items 

in the ranking of the most probable contacts. To get 

correct rankings, it is important to accurately predict the 

probabilities of a contact or another measure that can put 

the most probable contacts at the top of the ranking. 

Probability estimates based on single DTs are usually 

based on proportions of class representatives within the 

tree node of interest. Such estimates are not very accurate 

and in the case of bagging, where no DT pruning is 

applied, they are binary unless some corrections like 

Laplace correction or m-estimates are taken into account. 

Nevertheless, in sufficiently large committees, even the 

binary outputs average to quite successful estimates. 

VII. RESULTS 

In application of the DT bagging committees and NN 

committees to the task of contact prediction, we have 

collected large amounts of results for our two types of 

sampling and various parameter values. Because results 

for SAMPLING1 in case of NNs are much lower then for 

SAMPLING2, for DT there is almost no difference, we 

focused here on SAMPLING2. The main aspect of our 

analysis is depicted in Fig. 1. The figure illustrates 

prediction accuracies of DT committees consisting of 101 

DT models and NN committees consisting of 15 

networks built on complete sets of contact items and 

various sizes of the non-contact samples. The three 

groups of lines (columns of the figure) present results for 

different contact ranges. Each group contains four lines 

corresponding to the four levels of contact prediction (L/2, 

L/5, L/10 and best 5). Each line presents the trend of the 

Acc measure with respect to the balance ratio between 

contact and non-contact samples within the training data 

set. In case of NNs number of non-contact samples is 

higher than in DT. The main reason is that variety of trees 

comes from sampling, so it is not possible to use all the 

data, whereas in NNs comes from learning process. The 

maximal number of non-contact instances in DTs is 10 

times higher than contact vectors, whereas in NNs we 

used all available data for each of the contact type, so for 

each of the type we have different. 

 

Figure 1.  Trends of changes in prediction accuracy (Acc measure) in relation to the balance factor of the training data set. Left panel represents 
results for NNs based predictor, right for DTs. 
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For both completely different predictors and almost all 

contact types we observe improvements when unbalanced 

training set is used. This is particularly pronounced when 

Best 5 limitation of contacts is considered. The more 

contacts is analyzed, the closer we are to binary 

classification task (where accuracy measure takes into 

account prediction of all tested vectors), the lower 

improvements are observed. This is very consistent to the 

fact that for binary classification task it is better to use 

balanced training set [20]. For both predictors we observe 

also important differences, for NNs there is almost 

constant improvement of Acc measure with growing 

number of non-contact instances, whereas in DTs usually 

after ratio 5 Acc decreases. This varieties may come for 

completely different nature of the presented methods, 

decision trees are built without any regularization (trees 

where not cut) whereas in neural networks number of 

adaptive parameters is limited by the architecture. 

Nevertheless the best Acc measures for both types 

predictors in all types of contacts are very similar, 

moreover predicted contacts are almost identical, so 

combining both predictors does lead to very small further 

improvements. 

A. Results on CASP 11 

Comparing different methods for contact map 

predictions is challenging. Results that are published are 

already obsolete, in the meantime newer versions of 

sequence databases became available, which may lead to 

better SS prediction and consequently better contact map 

prediction accuracy. Moreover usually different training 

sets and testing sets are used, so some very similar 

proteins in the testing set might be already incorporated 

in training set of the other method. So, the best way of 

comparison with the other methods is to use an 

independent evaluation, such as the one employed in 

CASP competition. 

Our PLCT method took part in the newest CASP 

competition CASP11. According to the automatic 

evaluation available at 

http://www.predictioncenter.org/casp11/rr_summary_res

ults.cgi PLCT for the medium (see Table I) and 

medium+long contact ranges (L/10 first contacts 

considered) took 3rd place among 21 sequence based 

methods that took part in CASP11.  

TABLE I.  RANKING OF CONTACT MAP PREDICTION METHODS OBTAINED FROM 

HTTP://PREDICTIONCENTER.ORG/CASP11/RR_SUMMARY_RESULTS.CGI FOR PARAMETERS: CONTACT RANGE – MEDIUM, LIST SIZE L/10. THE ORDER OF 

PRESENTED METHODS IS MADE ACCORDING TO THE LAST COLUMN (Z-SCOREACC+Z-SCOREXD) 

  AVG Acc Z-scoreAcc AVG Xd Z-scoreXd Z-scoreAcc+ZscoreXd 

1. RBO_Aleph [25] 50.27 0.95 17.84 0.86 1.81 

2. CONSIP2 [10] 51.55 0.87 18.67 0.82 1.69 

3. PLCT 47.05 0.69 17.35 0.71 1.4 

4. RaptorX-Contact [26] 46.49 0.53 17.84 0.75 1.38 

5. UCI-IGB-CMpro [18] 45.26 0.67 17.13 0.69 1.36 

6. FALCON_Contact [27] 44.83 0.61 16.48 0.63 1.24 

7. MULTICOM-NOVEL [28] 44.98 0.58 16.8 0.63 1.2 

8. MULTICOM-CLUSTER [28] 45.78 0.62 17.04 0.55 1.16 

 

As we mentioned the best results for out PLCT method 

were obtained for medium and medium+long contact 

ranges and L/10 best first contacts. Also for other 

categories our method behaves very well, for: medium 

and medium+long and Top5 best contacts PLCT took 4th 

position, for short contact ranges 4th and 5th position. 

The worst results were obtained for long contacts (9th 

position). 

VIII. CONCLUSION 

Balancing the training set for machine learning 

algorithms is a well known technique in machine learning 

field. In this paper, we are claiming the statement that for 

contact map prediction it is better to use unbalanced 

training set. We are showing that this statement is true 

only because the accuracy measure used in contact map 

prediction is not the one used in typical classification 

problems. This measure is taking into account prediction 

of limited number of contact class instances. In the paper 

we presented that the improvement in accuracy is 

observed for different kinds of machine learning 

algorithms: neural networks and decision trees. Our 

methods have been compared with methods, that took 

part in CASP 11 competition. Although these methods 

applied many different features in their feature space 

including features used by us, our results in comparison 

with other sequence based methods belong to the best 

ones. 
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