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Abstract. Prediction of protein contact map is of great importance
since it can facilitate and improve the prediction of protein 3D struc-
ture. However, the prediction accuracy is notoriously known to be rather
low. In this paper, a consensus contact map prediction method called
LRcon is developed, which combines the prediction results from several
complementary predictors by using a logistic regression model. Tests on
the targets from the recent CASP9 experiment and a large dataset D856
consisting of 856 protein chains show that LRcon not only outperforms its
component predictors but also the simple averaging and voting schemes.
For example, LRcon achieves 41.5% accuracy on the D856 dataset for
the top L/10 long-range contact predictions, which is about 5% higher
than its best-performed component predictor. The improvements made
by LRcon are mainly attributed to the application of a consensus ap-
proach to complementary predictors and the logistic regression analysis
under the machine learning framework.

Keywords: Protein contact map; CASP; Logistic regression; Machine
learning.

1 Introduction

Protein contact map is a 2D description of protein structure, which presents the
residue-residue contact information of a protein. Two residues are considered to
be in contact if their distance in 3D space is less than a predefined threshold.
Prediction of protein contact map is of great importance because it can facilitate
and improve the computational prediction of protein 3D structure [21].

Many computational methods are already proposed to predict protein contact
map. These methods can be classified into two major categories: (i) methods
based on correlated mutations [20], [13], [10], [12], [17], and (ii) methods based
on machine learning [14], [15], [22], [4], [7], [19], [2], [23]. There also exist some
other methods, e.g., based on template-threading [18], [7] and integer linear
optimization [16]. However, the accuracy of contact prediction, especially for
long-range contact prediction, is still rather low [21], [11].
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In this study, we intend to improve the accuracy of contact map prediction
by using a consensus approach, which means that the prediction results from
several existing predictors will be consolidated. To our best knowledge, not much
effort has been made to develop a consensus contact prediction method except
the following two approaches. Confuzz is a consensus approach based on the
weighted average of the probability estimates from individual predictors (please
refer to the website of CASP9). The other approach is based on integer linear
programming [6]. We instead choose to tackle this problem in a different way. We
consolidate the prediction results from individual predictors by using a logistic
regression analysis under the machine learning framework. Tests on the CASP9
dataset as well as on another large dataset show that the proposed method not
only outperforms its component predictors but also the simple averaging and
voting schemes.

2 Materials and Methods

2.1 Datasets

In this study, two datasets are used to test the proposed method, which are
downloadable at http://www3.ntu.edu.sg/home2008/YANG0241/LRcon/. The
first one was collected from the targets in the recent CASP9 experiment. In
CASP9, there are 28 participating groups in the contact prediction category. As
one group might have several contact prediction models for the same target, here
we selected the results only from the “model 1” of each predictor. In addition, we
removed from further consideration those groups that made predictions for just
a few targets and those targets that were predicted by just a few participating
groups. As a result, we obtained 80 targets and 23 predictors. For the sake of
convenience, we denote this dataset by D80. Finally, the true contact map for
each target was derived from its 3D structure provided on the CASP9 website.

The second dataset was harvested from Protein Data Bank (PDB) [1] using
the selected protein chains from the latest (May 2010) PDB select 25% list [8].
Originally, there are 4869 protein chains in this list. A subset was extracted as
follows. First, those chains with length less than 50 and/or coordinates informa-
tion missing for some amino acids were removed. Second, those with pair-wise
sequence identity higher than 25% and those with sequence identity to the NNcon
training set [19] higher than 25% were further removed. This filtering process
ends up with a total of 856 chains. We denote this dataset by D856.

2.2 Contact Definition

Two residues are defined to be in contact if the Euclidean distance between
the 3D coordinates of their Cα atoms is less than or equal to 8 Å [4], [7], [19].
The CASP experiments [11], however, used Cβ atoms instead of Cα atoms in
determining two residues in contact. In this study, we choose the former definition
because (i) it is a definition close to the one used in 3D structural modelling [24]
and (ii) it was already used by two methods (i.e., [7] and [19]) that will be
included in our consensus predictor.
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Fig. 1. An example of contact map at sequence separation s ≥ 6. The left panel is
a cartoon visualization of the 3D structure of the protein (PDB entry: 2NWF). The
right panel is the contact map of this protein. A blue point in the figure indicates that
the pair of residues are in contact. Note that the map is symmetrical with respect to
the black main diagonal line.

For a protein with length L, the (true) contact information for all pairs of
residues can be represented by a matrix C = (cij)L×L, where cij = 1 if the
residues i, j are in contact and cij = 0 otherwise. This matrix is often called a
contact map. It is in fact a 2D description of protein structure, and a specific
example of contact map is given in Figure 1.

Depending on the separation of two residues along the sequence, the residue-
residue contact is classified into three classes: short-range contact (separation
6 ≤ s < 12), medium-range contact (12 ≤ s < 24) and long-range contact
(s � 24). Contacts for those residues too close along the sequence (s < 6) are
omitted.

2.3 Performance Evaluation

The predicted contact map PC = (pcij)L×L is a matrix of probability estimates.
The element pcij is the estimate for the contact probability of the residues i and
j. In general, the top λL predictions (sorted by the probability estimates) are
selected, which are then compared with the true contact map for evaluation. In
the literature [11], [5], [19], [23], [15], the value of λ is usually set to be 0.1 or
0.2 and two metrics are used to evaluate the predictions: accuracy (Acc) and
coverage (Cov).

Acc =
TP

TP + FP
, Cov =

TP
TP + FN

, (1)

where TP, FP, TN and FN, are true positive, false positive, true negative and
false negative predictions, respectively. A residue pair is said to be a positive
(resp., negative) pair if the two residues are (resp., are not) in contact.
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In addition, a more robust metric called F-measure (Fm) is also used, which
is basically a harmonic mean of precision and recall as defined below:

Fm = 2 · Acc × Cov
Acc + Cov

(2)

2.4 Consensus Prediction via Logistic Regression

Suppose there are p predictors, then we have p predicted contact maps for each
protein. We attempt to combine these p maps to make a consensus prediction.
The first difficulty appears that the output of some predictors (e.g., FragHMMent
[2]) is not the whole map but part of the map. To overcome it, the probability
estimates for those missing predictions are simply set to be 0 (i.e., not in contact).

A direct and simple way to combine the p predicted contact maps is to average
over the p probability estimates for each residue pair and then select the top λL
predictions. We call this method the averaging scheme. Another way is to first
select the top λL predictions from each predicted map and then use these selected
predictions to vote. The residue pairs with votes in the top λL positions are then
output to be the top λL predictions. We call this method the voting scheme.

In this study, we propose to combine the p predicted contact maps via a
logistic regression analysis. Logistic regression (LR) is a non-linear regression
model in particular for a binary response variable [3]. It estimates the posterior
probabilities by using the following formula:

P (Yi = 1|Pi) =
exp(α +

p∑
j=1

βjpij)

1 + exp(α +
p∑

j=1

βjpij)
(3)

where P (Yi = 1|Pi) is the posterior probability of the i-th residue pair being in
contact given Pi. Pi = (pi1, pi2, · · · , pip) is a probability vector for the i-th residue
pair, of which each component pij is the probability estimate of the component
predictor j on the i-th residue pair. The constants α and βj (j = 1, 2, · · · , p)
are the regression coefficients whose values can be estimated with a training set
through Quasi-Newton optimization [3]. We used the implementation of LR in
the software package Weka [9] (with default parameters) for our experiments.

2.5 Overall Architecture

Figure 2 depicts the overall architecture of our proposed method named LRcon.
It comprises two major procedures: training and testing. In the training proce-
dure, a logistic regression model (LR-Predictor) is built up with a training set
of protein chains. In the testing procedure, a query amino acid sequence is first
input into p individual predictors and, for each predictor, the top λL predictions
are selected. Then, we take the union of all the selected residue pairs for further
consideration (Please refer to Section 2.6 for more details). For each selected
pair, the probability estimates of the p predictors are used to form a feature



140 J.-Y. Yang and X. Chen

Fig. 2. The overall architecture of LRcon. In the training procedure, the consensus
predictor is built upon p individual predictors M1, M2, · · · , Mp. The set TD is used
to store the training feature vectors of the selected residue pairs. During the testing,
the prediction result is stored in rrLR

i = (rLR
i,1 , rLR

i,2 , pLR
i ), where pLR

i is the probability
estimate for the residue pair i. k1, · · · , kλL are the indices of the top λL predictions.

vector, which is then fed into the LR-Predictor for consensus contact prediction.
Finally, the top λL contact predictions are selected as our consensus predictions.

For the D80 datasets, we use 23 predictors from CASP9 to build our consensus
predictor. For the D856 dataset, only three predictors (SVM-SEQ (RR204) [7],
NNcon (RR119) [19] and FragHMMent (RR158) [2]) are instead used, because
there are no software available for the other predictors except SVMcon (RR002)
[4]. SVMcon is excluded because it was developed based on the same classification
algorithm as SVM-SEQ, so their predicted results are expected to have a large
overlap.

2.6 Selection of Residue Pairs

Given a protein of length L, the total number of residue pairs is (L + 1 − s) ×
(L−s)/2 for sequence separation at least s. If all these residue pairs are used, we
would not be able to obtain a reliable LR-Predictor, due to at least two factors:
(1) A large number of training samples does not allow to estimate the regression
coefficients in a reasonable amount of computing time; (2) Most of the residue
pairs belong to the negative class, so that a small proportion of positive samples
make the predictions be severely biased against the positive class. This would
inevitably discount the performance of LRcon if we choose to work this way.
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Here we propose to use the union of the residue pairs corresponding to the
top λL predictions from each of the p component predictors. For a protein of
length L, we denote the set of the top λL residue pairs returned by the k-th
predictor by Rk = {rk

1 , rk
2 , · · · , rk

λL}, where rk
i = (rk

i,1, r
k
i,2) represents a residue

pair with 1 ≤ rk
i,1, r

k
i,2 ≤ L. The residue pairs selected for this protein to train

and test our LR-Predictor are then taken from the set

RLR =
p⋃

k=1

Rk (4)

3 Results

In the following, the experimental results are evaluated on the top 0.1L and 0.2L
predictions at sequence separations 6 ≤ s < 12, 12 ≤ s < 24 and s ≥ 24.

3.1 Results on the CASP9 Dataset

In order to estimate the regression coefficients of LR and to assess the per-
formance of LRcon, we applied 10-fold cross-validation to the CASP9 dataset
D80. For the top 0.1L predictions, Figure 3 shows the average accuracy, coverage,
and F-measure of LRcon, its component predictors, and the averaging and voting
schemes (refer to Section 2.4) for a comprehensive comparison. It is evident from
the figure that the averaging and voting schemes could perform better than most
component predictors, but never all in any cases. On the contrary, the LRcon is
able to outperform all the component predictors and the averaging and voting
schemes as well. In addition, we can see from the F-measures that the prediction
of long-range contact is much more challenging than the prediction of short-rang
and medium-range contacts. For the top 0.2L predictions, LRcon also outper-
forms all the component predictors and the averaging and voting schemes. The
detailed results are presented in Figure 1 of Supplementary Material, which is
accessible at http://www3.ntu.edu.sg/home2008/YANG0241/LRcon/. A typical
predicted CASP9 contact map where LRcon outperforms all the other predictors
is depicted in Figure 2 of Supplementary Material.

We assess the statistical significance of the prediction differences between
LRcon and each other predictor as follows. First, 80% protein chains are selected
at random from the original dataset to construct a (sub)dataset. This is repeated
100 times so as to obtain 100 different datasets. Then, we collected the prediction
results of all the tested predictors from these 100 datasets. Finally, the paired t -
test is applied to assess their statistical significance on the F-measure differences.
We summarized in Table 1 the experimental results tested on the CASP9 dataset.

We can observe from the above tests that: (1) The averaging scheme appears
to perform better than the voting scheme, (2) Neither the averaging nor vot-
ing scheme achieve a better prediction than all the component predictors (in
particular, e.g., RR391 and RR490), and (3) LRcon outperforms all the other
predictors, including the averaging and voting schemes.
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Fig. 3. Histogram of the accuracy, coverage and F-measure for the top 0.1L predictions
of LRcon and other predictors on the CASP9 dataset D80. The predictor codes for
the component predictors are directly taken from CASP9. Ave and Vot represent the
averaging and voting schemes, respectively.

Table 1. The results of the statistical significance tests for the F-measures of LRcon
and other predictors on the D80 dataset. The ‘+’ /‘-’ indicates that the method in a
given column is significantly better/worse than the method in a given row with p-value
< 0.001, and ‘=’ means that the results are not shown statistically different.

Top 0.1L predictions Top 0.2L predictions

Predictor 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24

Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon

RR002 + + + + + + + + + + + + + + + + + +
RR043 + + + + + + + + + + + + + + + + + +
RR080 + + + + + + + + + + + + + + + + + +
RR081 + + + + + + + + + + + + + + + + + +
RR103 + + + + + + + + + + + + + + + + + +
RR114 + + + + - + + - + + + + + - + + - +
RR119 + + + + + + + + + + + + + + + + + +
RR138 + + + + + + + + + + + + + + + + + +
RR147 + + + + + + + + + + + + + + + + + +
RR158 + + + + + + + + + + + + + + + + + +
RR202 + + + + + + + + + + + + + + + + + +
RR204 + + + + + + + + + + + + + + + + + +
RR214 - - + - - + = - + - - + - - + - - +
RR215 + + + + + + + + + + + + + + + + + +
RR236 + + + + - + + - + + + + + - + + - +
RR244 + + + + + + + + + + + + + + + + + +
RR262 + + + + - + + - + + + + + - + + - +
RR357 + + + + + + + + + + + + + + + + + +
RR375 + + + + + + + + + + + + + + + + + +
RR391 - - + - - + - - + - - + - - + - - +
RR422 + + + + + + + + + + + + + + + + + +
RR490 - - + - - + - - + - - + - - + - - +
RR051 + + + + + + + + + + + + + + + + + +
Ave = - + = - + = - + = - + = - + = - +
Vot + = + + = + + = + + = + + = + + = +
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Table 2. Comparison of accuracies, coverage and F-measures on the independent test
(sub)dataset of the D856 dataset. The best results are shown in bold.

Top 0.1L predictions Top 0.2L predictions

Predictor 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24

Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm

FragHMMent .365 .116 .176 .306 .079 .126 .275 .026 .047 .340 .219 .267 .275 .052 .088 .272 .143 .188
NNcon .591 .187 .284 .455 .118 .187 .283 .026 .048 .478 .308 .374 .235 .045 .075 .376 .198 .260
SVM-SEQ .610 .193 .293 .483 .125 .199 .366 .034 .062 .508 .327 .398 .323 .061 .103 .407 .215 .281
Ave .529 .167 .254 .415 .108 .171 .365 .034 .062 .377 .243 .295 .288 .055 .092 .316 .167 .218
Vot .563 .178 .271 .443 .115 .182 .314 .029 .053 .474 .305 .371 .289 .055 .092 .371 .195 .256
LRcon .650 .206 .313 .531 .138 .218 .415 .039 .071 .538 .346 .421 .355 .067 .113 .443 .234 .306

Table 3. The results of the statistical significance tests for the F-measures of LRcon
and other predictors on the independent test (sub)dataset of the D856 dataset

Top 0.1L predictions Top 0.2L predictions

Predictor 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24

Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon Ave Vot LRcon

FragHMMent + + + + + + + + + + + + + + + + + +
NNcon - - + - - + + + + - - + - - + + + +
SVM-SEQ - - + - - + - - + - - + - - + - - +
Ave = + + = + + = - + = + + = + + = + +
Vot - = + - = + + = + - = + - = + - = +

3.2 Results on the D856 Dataset

Because the size of the D856 dataset is significantly larger than that of the D80
dataset, we adopt here a different way, rather than using 10-fold cross-validation,
to evaluate the prediction results of LRcon as follows. First, the 856 protein
chains in the D856 dataset are partitioned at random into a training and a test
dataset of equal size (i.e., 428 protein chains in each). Note that the training
and test datasets are independent each other, so no sequence in the test dataset
has over 25% sequence identity with any sequences in the training dataset. Sec-
ond, three predictors, SVM-SEQ[7], NNcon[19], and FragHMMent[2], are used
to make predictions on both the training and test datasets. Third, we use the
predictions of these three predictors on the training dataset to estimate the re-
gression coefficients of LR. Finally, the performance of LRcon is assessed on the
test dataset.

The experimental results of LRcon and other predictors on the independent
test dataset are listed in Table 2. We can see from the table that LRcon outper-
forms all the other predictors in terms of accuracy, coverage and F-measure. For
example, LRcon achieves an average accuracy of 41.5% for the top L/10 long-
range contact predictions, which is about 5% higher than its best-performed
component predictor (i.e., SVM-SEQ). We also conduct a statistical significance
test in the same way as we did earlier on the CASP9 dataset, and the results are
shown in Table 3. It can be seen that the simple averaging and voting schemes
perform better than NNcon and FragHMMent, but worse than SVM-SEQ. On
the other hand, LRcon once again consistently outperforms all the other predic-
tors, including the simple averaging and voting schemes.
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4 Discussions

In this section, we discuss how the performance of LRcon is affected by the
following three factors: the residue pair selection, the component predictors and
the classification algorithm.

4.1 The Impact of Residue Pair Selection

For each protein chain, we have used formula (4) to select the residue pairs for
training and testing LRcon. In order to demonstrate the effectiveness of this
filtering process, we tested the performance of LRcon when all the residue pairs
satisfying the sequence separation condition were used. Because it takes too
much computing time and computer memory, we just tested the results of LR-
con for the top 0.1L predictions at sequence separation s ≥ 24 using the CASP9
dataset D80. In this case, the resulting average accuracy of LRcon decreases to
0.806, which is 0.026 lower than that obtained with the filtering process em-
ployed (see Figure 3). Therefore, it is necessary to train LRcon with a properly
selected subset of residue pairs in order to achieve more accurate contact map
prediction.

4.2 The Impact of Individual Predictors

The major reason of LRcon’s superior performance is believed that its compo-
nent predictors can make complementary predictions to each other. We say two
predictors M1 and M2 are complementary if their correct predictions (denoted
respectively by TP1 and TP2) among the top λL predictions are not completely
the same. We have the following two observations. First, the sizes of TP1 and TP2

should be as large as possible (≤ λL) for LRcon to be accurate enough. Second,
in order to improve over M1 and M2 by combining them, TP1 and TP2 should
not be the same. Otherwise, we would not be able to make any improvement by
combining them; instead, the predictions might even become worse.

We conduct the experiments on the CASP9 dataset D80 to further confirm
the above observations as follows. As mentioned in Section 2.1, when we se-
lected component predictors, only “model 1” of each predictor was used in our
previous experiments. For some participating groups there are several prediction
models. For instance, the participating group RR114 in CASP9 have five predic-
tion models for each target. We looked into these five models and found that their
prediction results were in fact very similar, indicating that these models are not
complementary to each other. When all models were used for each participating
group in CASP9, we obtained 28 predictors in total. Using these predictors as
component predictors of LRcon, we found that the predictions became worse
than before. For example, the accuracy value decreased slightly from 0.832 to
0.827 for the case of the top 0.1L predictions at sequence separation s ≥ 24.
Therefore, one possible way to further improve the performance of LRcon is to
select just those accurate while complementary predictors as component predic-
tors. To this end, some metrics might be needed to quantify the complementary
property among individual predictors.
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Table 4. Comparison of accuracies, coverage and F-measures of five classification al-
gorithms on the CASP9 dataset D80. The best results are shown in bold.

Top 0.1L predictions Top 0.2L predictions

Algorithm 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24

Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm

RF .824 .283 .422 .810 .219 .345 .816 .069 .127 .689 .479 .565 .721 .394 .510 .786 .134 .228
NB .769 .264 .393 .756 .204 .322 .780 .066 .122 .654 .454 .536 .656 .359 .464 .744 .126 .216
J48 .736 .253 .377 .724 .196 .308 .741 .061 .113 .658 .458 .540 .680 .372 .481 .741 .126 .215
KNN .797 .274 .407 .777 .210 .330 .799 .067 .124 .685 .476 .562 .707 .386 .500 .773 .131 .225
LR .839 .288 .429 .822 .222 .350 .832 .070 .129 .710 .493 .582 .727 .398 .514 .799 .136 .232

Table 5. Comparison of accuracies, coverage and F-measures of five classification al-
gorithms on the independent test (sub)dataset of the D856 dataset. The best results
are shown in bold.

Top 0.1L predictions Top 0.2L predictions

Algorithm 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24 6 ≤ s < 12 12 ≤ s < 24 s ≥ 24

Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm Acc Cov Fm

RF .594 .188 .286 .464 .120 .191 .352 .033 .060 .485 .313 .380 .388 .205 .268 .312 .059 .099
NB .650 .206 .313 .531 .138 .218 .406 .038 .069 .538 .346 .421 .443 .234 .306 .349 .066 .111
J48 .621 .197 .299 .492 .127 .202 .394 .037 .067 .506 .326 .396 .414 .218 .286 .323 .061 .103
KNN .623 .197 .299 .488 .126 .201 .383 .036 .065 .508 .327 .398 .404 .213 .279 .325 .062 .104
LR .650 .206 .313 .530 .137 .218 .415 .039 .071 .540 .348 .423 .440 .232 .304 .355 .067 .113

4.3 The Impact of Classification Algorithm

Besides the logistic regression, the following four classification algorithms are
experimented to explore the impact of a classification algorithm on the per-
formance of LRcon. They are random forest (RF), k-nearest neighbor (k-NN),
Naive Bayes (NB), and J48. The details about these algorithms can be obtained
from Weka [9]. We also chose the algorithm implementations in Weka in our
subsequent experiments. Except for k-NN, where k was set to be 10 to produce
probability estimates, the parameters for RF, NB, and J48 were all set to be
their respective default values.

The experimental results of LR and the other four algorithms on the datasets
D80 and D856 are presented in Tables 4 and 5, respectively. We can see that the
accuracies, coverage and F-measures of LR are consistently higher than those of
any other algorithm on the D80 dataset. When tested on the the D856 dataset,
LR and NB achieved comparable results and better than the other three al-
gorithms. These observations lead to our selection of LR as the classification
algorithm in this study.

5 Conclusions

Prediction of protein contact map plays an important role in the prediction of
protein 3D structure. However, the accuracy of current computational methods
is rather low. In this paper, we explored the possibility of improving the accuracy
of an individual protein contact predictors by using a consensus approach.
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Under the machine learning framework, an improved sequence-based protein
contact map prediction method, named LRcon, has been developed based on
logistic regression. LRcon is built upon the prediction results from its compo-
nent contact map predictors. For each residue pair, the probability estimates
of the component predictors are used to form a feature vector, which is then
fed into the logistic regression-based algorithm to make a consensus prediction.
Logistic regression models are trained and assessed under the machine learning
framework by using independent training and test datasets. Experimental results
on the CASP9 dataset and another large-sized dataset containing 856 protein
chains show that LRcon can make statistically significant improvements over its
component predictors and the simple averaging and voting schemes as well. We
believe that these improvements made by LRcon are mainly attributed to the
application of a consensus approach to the complementary predictors and the
logistic regression analysis under the machine learning framework.
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