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1 Ensemble coevolution system

Introduction We designed an ensemble coevolution system (ECS) to provide robust predictions
of coevolving residues. Ensemble learning systems which combine different prediction methods
have shown high prediction performance in many studies (see review in [27,28]). For instance,
XCS was made to improve the self-adaptation of evolutionary algorithms [29]. LCSE enhances
the rule-based classification through the combination of reinforcement learning, evolutionary
computing and heuristic approaches [30]. GAssist improves the performance of the ordinal
classification through the assembling of several rule-based models [31]. A cascade generaliza-
tion framework which combines naive Bayesian classifiers, linear discriminant classifiers and
decision trees could improve the classification accuracy compared to individual classifiers [32].
An ensemble system has recently been developed to improve the prediction of protein-protein
interactions using the attributes collected mainly from gene ontology annotations [33]. This
ensemble system integrates four machine learning methods (support vector machine, random
forest, decision tree and naive Bayesian network) based on the majority voting strategy [33].
Recently, an ensemble method which combines PSICOV and machine learning classifiers can

improve the prediction of transmembrane inter-helix contacts [34].
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An ensemble learning system is usually built to combine a set of prediction models and
is popular when the prediction variability between prediction models (classifiers) is high [28].
Ensemble learning is not needed if all models predict the same results [28]. Ensemble learning
systems usually comprise of three parts: (1) data sampling/selection, (2) model prediction, (3)
a combiner. The combiner plays a key role to determine the strategy of how different predic-
tions from various methods are integrated. There are many popular ensemble strategies such
as: majority voting (predictions supported by more than 50% of methods), weighted voting
(predictions are weighted according to the importance of models) and Borda count (predictions
consistently obtained by all the models) [27,28].

Inspired by the principle of ensemble learning, we endeavored to build a software system
which integrates known sequence-based methods for coevolution prediction. It turned out to
be difficult for several reasons. Firstly, there is a lack of gold standard datasets for training
the ensemble learning system. Secondly, sequence-based methods predict different scores for
statistical couplings and mostly do not predict true negatives, which limit our choices on da-
ta sampling and ensemble strategies. Thirdly, some sequence-based methods require heavy
computational time, a limit which may restrain a broad application of ensemble learning on
large protein families. For the above reasons, the potential ensemble coevolution system should
provide robust predictions while combining the number of sequence-based methods as few as
possible. Moreover, we considered the design of an ensemble coevolution system as an opti-
mization problem, where the objective function was defined as a linear function (see Methods).
Here, we describe the details of our heuristic algorithm which we designed to identify the com-

bination of sequence-based methods which improves the prediction performance.

Methodology M = {M;|i = 1,..., N} represents a set of sequence-based methods M, and
D = {D,|j = 1,...,T} represents sequence datasets, where IV is the number of methods
and 7' is the number of sequence datasets. Given a training dataset D;, the sequence-based
method M; predicts a coevoltuion score for each statistical coupling. This coevolution score is
normalized in the matrix with L x L elements, denoted as C*(M;, D,), where L is the length
of residue positions in D;. Every non-empty element in this matrix represents the coevolution
score of the statistical coupling between the positions n and m. To contend with varied statistical
measurements used by different methods, four normalization strategies have been previously

proposed [13]. Given a continuous variable x as an input, the normalized variable y satisfies:
x—min(zx)

(1) Linear transformation: y = (@) —min(@)
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(2) Power transformation: y = 10(mae(®)—#)(maz(z)—min(z))
(3) Binary transformation: if Rank(n,m) < «, then y = 1; otherwise y = 0. The cutoff « is
the number of top-ranked couplings (o« = L in our analysis).
(4) Log transformation: y = b X z* where V4, = logio[max(z)], Vinin = logio[min(x)], if
min(x), maz(x) > 0,then a = K/(Vinaz — Vinin), b = =K - Vinaz/ Vinaz — Vinin), and K =5
as default.
We compared these four strategies and chose linear transformation as our normalization s-
trategy because linear transformation performed the best using HIV-1 datasets (data not shown).
Suppose a combination of methods is denoted by €2, |€2| is the number of methods in the
method combination €2, and w; is the weight of sequence-based method M; contributed to the
coevolution scores. All methods contribute equally when every w; equals to 1. The normalized

coevolution scores C; (€2, D;) is defined as:

Cr (92, Zwlx(]* (M;, D;) (1)

MGQ

Cr n(82, D) is therefore ranked and exported as outputs. Notably, §2 can either contain a single
method or a combination of methods, which can be selected based on the performance eval-
uation. Based on the normalized coevolution scores, the coupling (n,m) in the entire matrix
is ranked, denoted as Rank(n,m). Given a statistical measurement f (e.g. AUC), the perfor-
mance of the sequence-based method M, is measured by f(C*(M;, D;)). Suppose w; and u;
denotes the weight of the method M; and the weight of the D;, respectively. The objective

function for the ensemble learning is defined as:

T
F(Q,D) Z—j|2wzxf n(M;, D)) )

j=1 M;eQ)

An optimized combination of methods Q7 is identified when Q = max F(Q,D). To
simplify the learning procedure with a small number of training datasets, our study assumed
that u; = 1 and w; equals to 1 or 0. We therefore designed a heuristic algorithm (Algorithm
1) that provides a suboptimal solution to identify Q* by maximizing the performance scores.
Specifically, we used the forward selection to improve the prediction performance because of
the high computational complexity. The forward selection each time adds one method into

the optimized method set if the added method increases the performance score. Our heuristic
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Algorithm 1 A heuristic algorithm for identifying the combination of sequence-based methods

Require: Inputs: a set of sequence-based methods M = {M;|i = 1,...,N} and multiple

sequence datasets D = {D;|i = 1,...,T'}.

Ensure: Output: the optimized method combination Q.

1:

— e e e e e e
AN i =

._.
=

18:

19:
20:
21:
22:
23:
24
25:
26:

N AN A o

) = ¢; {Initiate the method set {2 as empty. }
f(2, D) = 0; {Initiate the performance score of 2 as 0 given the datasets D.}
A; =0,1=0,..., N; {Initiate the performance increase as 0 for each method.}
Step 1: Apply sequence-based methods and perform the linear transformation.
fori=1to N do
forj =1to7T do
Obtain the coevolution scoring matrix C'(M;, D;);

Linear transformation: C*(M;, D;) = maz((gf”‘]\f 1) )T)'Tigl((jg( ]\3 )[)),));
T J J
end for

end for

: Step 2: Optimization of method combination.
. while 2 = ¢ or max(A) > 0do

fori:=1to N do
QO = QU M, where M; € {M — Q} ; {Add the unvisited method M; to 2*.}
forj=1toT do
C*(Q*, D)= > wy,; - C* (Mg, D;); {Integrate the coevolution predictions. }

M eQ*
end for .
A =% Z f(C(Q2*,D;)) — f(Q, D); {Increase of average performance score. }
end for

if max(A) > 0 then
M* = argy,maz(A); {A method with the highest increase of performance score. }
Q2 = QU M*; {Update the best method subset. }
f(Q,D) = f(2, D) + max(A); {Update the best performance score. }
end if
end while
Return €2 as Q7.
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algorithm begins with the initiation of global variables (line 1-3). The coupling predictions
of sequence-based methods M are performed given the sequence dataset D (line 5-10, T' =
7, N = 27 in our analysis). Given each method with a sequence dataset, statistical couplings
in the scoring matrix C'(M;, D;) are obtained according to method measurements (line 7). The
scores are then linearly transformed between O and 1 (line 8). Thereafter, the forward selection
adds one method into the method subset €2 at each loop (line 14). It also assembles the statistical
coupling predictions for the AUC evaluation (line 16, see AUC definition in Methods). The
increase of performance score A; is calculated for each method M; when added into the method
subset (2 (line 18). In each round, one method that increases the highest performance score is
added into the method subset €2 (line 20-24). The procedure terminates when adding any method
does not improve the best performance score (line 12). The method subset €2 is returned as the
optimized method combination Q7 (line 26).

The forward selection algorithm can be easily adapted into the backward elimination, which
requires the initiate parameter {2 = {1, ..., N} and line 14 in the algorithm should remove a s-
ingle method instead of adding a method. In order to achieve a promising optimization, we
implemented both forward selection and backward elimination approaches. In our experiments,
we found that both strategies identified the method set 2 with four methods (NCPS, RCW,
PhyCMAP, CMPro), suggesting a convergence of the heuristic search. Overall, our heuristic
algorithm offers a fast computation to identify a method combination with improved prediction

performance using a local optimization procedure.

Our parameter settings: Parameters of sequence-based methods were initialized according to

individual methods (see parameter settings in the next section).

Software availability Our toolbox.

2 Position-specific sequence-based methods in the last decade

This section provides more details about the 27 sequence-based methods (Table 1). For each
method, we begin with a simple introduction and then briefly describe their key mathematical
models. Lastly, we explain the parameter settings used in this study and the software avail-
ability. We order these methods according to their methodology so that methods with similar

methodologies are described together.
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Table 1. Summary of 27 sequence-based methods integrated in ECS

Method Methodology Software availability Year | Ref
ASC Mutual information Our toolbox 2011 | [10]
APC Mutual information Our toolbox 2011 | [10]
BN Bayesian network https://code.google.com/p/bright / 2007 | [22]
CTMP Markov model, phylogenetic tree http://www.stat.sinica.edu. tu/chyeang/ 2007 | [24]
CoMap Compensation coefficient, phylogenetic tree | nttp://gna.org/projects/comap 2007 | [25]
Complementary | Complementary matrix, Pearson coefficient | Our toolbox 2006 | [11]
CMPro Neural network http://scratch.proteomics.ics.uci.edu/ 2012 | [19]
DNcon Deep network, Bolzmann machine http://iris.rnet.missouri.edu/dncon/ 2012 | [18]
GREMLIN Maximum entropy function http://openseq.org/ 2013 | [26]
Interdependency | Entropy, mutual information http://waw.uhnresearch.ca/labs/tillier/depend2/dependency.ntm | 2004 | [5]

LogR Bayesian network, APC Author’s generosity 2010 | [13]
MI Mutual information Our toolbox - [1]

MIBP MI, physicochemical property http://ww.biomedcentral.com/1471-2105/12/206 2011 | [7]

Mutagenetic Maximum likelihood mixed tree http://mtreemix.bioinf.mpi-inf.mpg.de/ 2005 | [21]
NBZPX2 Normal binary Toolbox in [6] 2012 | [6]

NCPS Mutual information, sequence similarity Our toolbox 2009 | [9]

NNcon Neural network http://casp.rnet.missouri.edu/nncon.html 2009 | [17]
PCC Mutual information, Pearson coefficient Our toolbox 2010 | [12]
PhyCMAP Random forest, integer linear programming | netp://raptorx.uchicago.edu/ 2013 | [20]
plmDCA Maximum entropy function http://plmdca.csc.kth.se/ 2013 | [35]
PSICOV Sparse inverse covariance http://bioinfadmin.cs.ucl.ac.uk/downloads/PSICOV/ 2012 | [15]
PhysicoMI MI, AA substitution matrix Our toolbox 2012 | [8]

RCW Mutual information Our toolbox 2007 | [3]

SCA Statistical free energy coupling http://systems.swmed.edu/rr lab/sca.html 2009 | [10]
Spidermonkey MCMC Bayesian network, phylogenetic tree | ncep://wew.hyphy.org/w/index. php/Main page 2008 | [23]
SVMcon Support vector machine http://casp.rnet.missouri.edu/svmcon.html 2006 | [16]
ZRES Mutual information Toolbox in [6] 2009 | [4]

2.1

MI: mutual information [1]

Introduction Mutual information (MI) measures the contribution of the knowledge of variable

X’s information in the redution of the uncertainty of the other variable Y [36]. For its simplic-

ity, MI has been adapted to predict coevolving positions and protein contact map [37]. It was

proposed based on the hypothesis that coevolving residues or residues in contact tend to share

a high mutual information [1].

Methodology Let variables X, Y represent two protein positions in multiple sequence align-

ment (MSA) from a protein (family), X = x indicates that the position X takes the amino acid

x which is one of amino acid forms in MSA, P(X = x) represents the marginal probability of



http://systems.swmed.edu/rr_lab/sca.html
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the position X taking the amino acid form x in MSA. Likewise, P(X = z,Y = y) is the joint
probability that the position X takes the amino acid form x and Y takes the amino acid form y

simultaneously. The mutual information between X = z and Y = y is defined as:

P(X ==zY =y)

MIX =2,V =y)=P(X =2Y =y)log pror— 55— 3

3)

Furthermore, the mutual information between two positions X, Y is the sum of mutual

information of all possible configurations at the position X and Y, defined as:

MI(X,Y) =) > P(X =Y =y)log PJ;)((X::;;(/;:% @

Our parameter settings In cases where the marginal probability P(X = x) or P(Y = y) in
the denominator was zero causing the impossible infinity in the log function of MI, Laplace
smoothing was used by adding 1 into the both denominator and the numerator of the marginal
probability P(X) (P(X = z) =n/N — P(X =z) = (n+1)/(1 + N)) [38]. Gaps from
the positions of interest were ignored in the calculation of probabilities [1]. To solve the heavy
computation in large protein families, a fast parallel programming code is provided in our Tool-

box.

Software availability Our toolbox and toolbox in [6].

2.2 ASC and APC: average sum and product correction [2] (2008)

Introduction In this study, two statistical methods were proposed to estimate the background
MI in the process of protein evolution. The background MI was defined as the average MI
over all position pairs [2]. The average sum correction (ASC) was defined as the sum of MI
calculated at the positions ¢ and j minus the background MI [2]. Similarly, the average product
correction (APC) was defined as the product of MI calculated calculated at the positions ¢ and
j divided by the background MI.

Methodology Based on mutual information described in the previous section, the background
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mutual information in ASC [2] is defined as:

ASCBackgroud(iyj) = %Z[M](%X) + MI(Xaj)] - %Z Z MI(X7Y> (5)

X X Y#X

Suppose ¢ and j are two residue positions of interest and n is the number of the overall
protein positions. Given an input MSA, the second part of above formula is a constant so that

the ASC correction for mutual information is defined as:
o o 1 ) )
ASCi(i, j) = MI(i,5) = 5= > _[MI(i, X) + MI(X, j) 6)
X

Assuming that the background dependency is a product of independent factors associated

with two positions, the average product correction (APC) is defined as:

Do MI(i, X) x > MI(Y, )
APChyi(i, ) = MI(i,j) — = Y

> MI(X,Y) @
Xy

Parameter settings We used the same parameter settings as the mutual information.

Software availability Our toolbox.

2.3 RCW: row and column weighted MI [3] (2007)

Introduction Similar to the methodology of ASC and APC, the method RCW takes the aver-
age mutual information as the "weight” for the pairwise dependency. Given simulated datasets,
RCW outperformed MI, logarithm correlation and multi-dimensional amino acid representa-
tion [3].

Methodology Let i and j be the positions of interest, M (i, j) denotes the mutual informa-
tion between the positions 7 and j. The mean value of mutual information at the position 7 is
calculated as M I; = > 7, MI(i,j)/(n — 1), RCW between the position pair (7, j) is defined
as:

MI(i, j)

RCW (i, j) = —
9 = S T — a1 ) = 1)

®)
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Our parameter settings We used the same parameter settings as those in mutual information.

Software availability http://www.cbs.dtu.dk/services/InterMap3D/.

2.4 7ZRES: Z-residue score [4] (2009)

Introduction This study provided a method which refines MI by removing strong non-coevolutionary

influence and accounting for the position variability. The method is built based on the linear
regression between the mutual information M [;; and M1I; x M1I; . Using protein sequences
from 1592 protein families in the Pfam database (http://pfam.sanger.ac.uk/), this study showed

that predicted coevolving positions tend to be in a close physical proximity [4].

Methodology As the stochastic and phylogenetic bias may affect the performance of MI, ZRES
uses the linear regression to fit the mutual information M I;; with MI; x M_I] By doing so, the
biases can be measured by Res;; = MI, x M_I] — - M1;; , where 3 is the estimated coefficient
in the linear regression. Based on this principle, the statistical coupling between the positions ¢

and j is quantified by the Z-score, denoted as Z Res(i, j):

(RSSU — % Z Resij)(Resij — % Z RQSU’)
ZRes(i, j) = L = )
\/Z (R@Sij — % Z Resij)Q\/Z (Resij — % Z R@Sij)2
7=1 7j=1 i=1

i=1

The higher the Z-score Z Res(i, j), the higher the chance that two positions 7 and j are coe-

volving.
Our parameter settings We used the default parameter settings in the ZRES toolbox [6].

Software availability Toolbox in [6].

2.5 Interdependency V2.1 [5] (2004)

Introduction To reduce phylogenetic bias, the statistical couplings in this method were quan-

tified by the statistical interdependency ratio, which measured the differences between the ob-

10
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served residue interdependency and the expected residue interdependency [5].

Methodology The expected independency is estimated by the likelihood of equivalent residues
compared to all residues at other positions. Let NV be the number of non-gap residues at the

position X, the expected interdependency of the position X is defined as:

| _l P(Xlle,Xj:xj)
MS(X) == Z log P(X; = 2;)P(X; = ;) 1o

The interdependency is proposed using the entropy weight based on the hypothesis that
residue positions do not increase the dependency when no functional correlation exists [5]. To
quantify the amino acid variation at the position X, the entropy function H(X;) is measured
through H(X;) = — >  P(X; = z;)log P(X; = z;). Based on the mutual information and

the entropy function, the interdependency ratio is defined as:

MI(X;, X;)H(X,)H(X;
MS(X;) + MS(X;)

R(X;, X;) = )[1 — H(X;)H(X;)] (11)
Our parameter settings We performed the analyses using the default statistical parameters.

Software availability http://www.uhnresearch.ca/labs/tillier/depend2/dependency.html.

2.6 NBZPX2: normal binary ZPX2 [6] (2012)

Introduction The method NBZPX2 which is an adaption of ZRES improves the performance
of ZRES by refining the MSA inputs. The refinement strategy uses the data transformation
called the normal binary [6].

Methodology The workflow of this method can be simply described by three steps. (1) The
sequences in the MSA inputs are reordered using the sequence similarity, i.e. the 1st and 2nd
sequences are the most similar sequences and the 3rd sequence is the the closest one to the 2nd,
etc. This reordering process terminates until all sequences have been visited. (2) The MSA in-
put is transformed into a binary dataset through AA comparisons of two subsequent sequences.
Specifically, the binary value 1 indicates that two AAs are identical, otherwise 0. (3) The ZRES

algorithm is applied using the transformed dataset.

11
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Our parameter settings We used the default parameter settings.

Software availability Toolbox in [6].

2.7 MIBP: MI with physicochemical property [7] (2011)

Introduction This study proposed a covariation model which uses mutual information account-
ing for residue physicochemical properties [7]. Ten groups of amino acids were classified ac-
cording to physicochemical properties. The key concept of this model is to calculate the mutual
information between amino acid groups, while taking into account the background amino acid
distribution. Performance of this model was compared to MI and ELSC using three protein
families (1JXA-A, 1B93-A and PF01053).

Methodology Based on MI, the MIBP covariation between the positions ¢ and 7 is defined as:

P(x; € an,x; € by,)
Pb(l’i € Cln)Pb(fﬂj € bm)

MIBP(i,j) = Y Y P(; € an, ; € by)log

an  bm

Where z; and z; are residues at the positions ¢ and j in the MSA input, a,, (n=1...10) and b,,
(m=1...10) denotes the AA functional group at the positions ¢ and 7, respectively. Ten residue
groups include hydrophobic (A, G, C, T, I, V, L, K, H, F, Y, W, M), aromatic (F, Y, W, H),
aliphatic (I, V, L), tiny (A, S, G, C), small (P, N, D, T, C, A, G, S, V), proline (P), charged (K,
H, R, D, E), negative (D, E), polar (N, Q, S, D, E, C, T, K, R, H, Y, W) and positive (K, H,
R). Based on BLOSUMG62 substitution matrix, Py(z; € a,) is the background distribution of

physicochemical properties and is defined as:

_ P(ZL‘Z € an)/B(CLn)
Bl € ) = S~ e ) Blay)

Where B(a,) denotes the BLOSUMG62 constants for functional groups (hydrophobic: 0.504,
aromatic: 0.132, aliphatic: 0.111, tiny: 0.243, small: 0.6632, charged: 0.226, negative: 0.117,
positive: 0.507, proline: 0.244, polar: 0.043) [7].

Our parameter settings We used the default parameters in the original python implementation.

12
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Software availability http://www.biomedcentral.com/1471-2105/12/206.

2.8 PhysicoMI: physico-chemical corrected MI [8] (2012)

Introduction PhysicoMI was proposed to calculate residue similarities taking into account
physical-chemical properties. In this method, MI and AA frequency are corrected using the
BLOSUMBG62 substitution matrix [8].

Methodology Suppose z,y are two AAs at the positions X and Y respectively, the corrected
joint probability of X in the presence of Y is modeled as:

’ - z'y T /7 /S ’ /S ) ! \/N
f(X:x,Yzy)zn(x Y) F L yz)vnf\/yﬁ) (,2)5(y,y')/ 12)

Where n(z, y) is the number of residues z at the position X and y at the position Y. S(z, ')

is the substitution score when amino acid z’ is replaced by x. In the same fashion, the corrected

marginal probability is defined as:

n(x) + Yz (@) S (2, 2") VN
N+VN

In the final measurement, both marginal and joint probabilities are corrected by physical-

FX =) =

(13)

chemical properties:

(14)

f(X =2, =9)
M]Physzco X Y Xz;};f wY 10g ( fL’)f(Y:y)

Our parameter settings We used the default parameter settings.

Software availability Our toolbox.

2.9 NCPS: normalized coevolutionary pattern similarity [9] (2009)

Introduction To identify coevolving positions by MI can be complicated due to common ances-

try and stochastic noise [9]. NCPS was therefore proposed to normalize sequence similarities

13
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by reducing the background noise in the correlated mutation analysis. This study showed that
the background noise could be reduced using three coevolution analyses: McBASC, OMES and
MI [9].

Methodology Suppose C'M (i, 7) represents the correlated mutation score between the positions
1 and j. The coevolutionary pattern similarity (CPS) between the positions ¢ and j is modeled
by the dot product of two vectors. Let n be the number of overall residue positions in the

sequences, C'PS(i, 7) is defined as:

CPS(i.j) = —5 S CM(,K)OM(,F) (15)
ki

Secondly, the coevolutionary pattern similarity is normalized as follows:

PS(i
NCPS(ij) = ——EoI)__ (16)
\/n<n_1) zjj CPS(i, §)
Thirdly, the NCPS score is proposed by removing the background noise.
oL MI@,j) - NCPS(i, j) E(i, j)[MI(i, j) — NCPS(i, j)|
aMlIc(i,j) = = — — o — —
2 |max[MI(i,j) — NCPS(i,j)] max[E(i,j)[MI(i,5) — NCPS(i,7)]]

(17)

Where E(i,j) = H(i)H(j)[1 — H(i)H(j)] is the entropic factor [9].
Our parameter settings We used the default parameter settings.

Software availability Our toolbox.

2.10 SCA: statistical coupling analysis [10] (2009)

Introduction Statistical coupling analysis (SCA) has been shown to reveal allosteric commu-
nications by the energetically coupled positions in the PDZ protein family [39]. Later studies
showed that SCA could discover evolutionary networks which mediate the allosteric commu-

nications [40]. Moreover, SCA can be useful for protein design. For instance, artificial WW
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domains were designed based on the statistical couplings predicted by SCA. The artificial WW
domains can be folded and bind with peptides in high affinities as natural WW domains [41].
Several follow-up studies have been devoted to improve the performance of SCA using d-
ifferent protein families [10,42,43]. The SCA toolbox written in Matlab® has been updated to
Version 5.0, including different functions such as coupling prediction, independent component

analysis and spectral decomposition. The latest version of SCA is available online.

Methodology SCA measures the statistical couplings observed in the functional interactions
of protein families [39]. The hypothesis relies on the observation that the distribution of amino
acids in one position shifts due to the changes of amino acid distribution at another position. The
degree of evolutionary dependence is quantified by the statistical coupling energy based on the
Boltzmann equation [39]. The high coupling energy corresponds to the increased dependence
between coevolving residues. Specifically, the statistical coupling energy between the positions

¢ and j, denoted as AAG, ;, is modeled as:

T

AAG,; = \/Z(ln Py —In PP)? (18)

Where P? is the probability of the residue z at the position %; R’T& ; 1s the probability of the
residue x at the position ¢ given the perturbation position ¢ j. The method in SCA V5.0 extends
the coevolution estimation by the covariance analysis and principle component analysis [42].
Briefly, the pairwise correlation ija ") between the residue a at the position ¢ and the residue b

at the position j is modeled as:

a a (b)
o gy [M (F @ 0y [fj (1—4¢®) 19
! (1= fi)gqd (1= f®)q0)

Where fl-(a) is the frequency of having the residue a at the position 7, fl-(fb) is the joint frequency
of having the residue « at the position  and the residue b at the position j, ¢!) is the background
probability of residue a in all proteins and q = (0.073, 0.025, 0.050, 0.061, 0.042, 0.072, 0.023,
0.053, 0.064, 0.089, 0.023, 0.043, 0.052, 0.040, 0.052, 0.073, 0.056, 0.063, 0.013, 0.033) (al-

phabetic order for the 20 amino acids).

Our parameter settings We used the default parameter settings in the SCA toolbox V5.0 [42].
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Software availability http://systems.swmed.edu/rr_lab/sca.html.

2.11 Complementary: complementary matrix in Pearson coefficient [11]
(20006)

Introduction To predict inter-protein residue coevolution, this study proposed a method which
calculates Pearson’s coefficients accounting for the complementary residues between protein in-
teraction interfaces [11]. It is known that residue frequencies and residue pairs at protein-protein
interfaces follow certain complementary patterns [44]. For instance, abundant hydrophobic
residue pairs are often found at large protein interaction interfaces, while polar residue pairs
usually occur at small interfaces [44]. Integrated into Pearson’s coefficients, the complementary
information was proven useful for inter-protein coevolution predictions. A promising perfor-
mance of this method was found in the comparison with four other methods (MI, SCA, ELSC
and OMES) using a sequence dataset containing 224 protein families in the Pfam database.

Methodology Let N be the number of sequences in the MSA input, S; be the AA exchange
matrix at the position i, S;(k,l) be the exchange score between the k' and ['* residues at
position 7, S; and o; be the mean and the standard deviation of residues in the exchange matrix 5;
at the position i, respectively. Given the k' sequence, Ci(k),j(k) 1s the estimated complementary
value between the k" residues at the position i and j [44]. The corrected Pearson’s coefficient
between the position 7 and j, termed 7; ;, is modeled as:

_Lﬁﬂ%w—EWWM4@X@mmMCMM
N2

0;0;

(20)

Tij =
k=1

Our parameter settings The complementary matrix of 20 amino acids in [44] was used and

the other parameters were default.

Software availability Our toolbox.
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2.12 PCC: Pearson correlation coefficient [12] (2010)

Introduction To reduce background noise and phylogenetic bias, this study proposed Pearson’s

correlation coefficients (PCC) for statistical coupling predictions [12].

Methodology Suppose N is the number of sequences in the MSA input, S; is the exchange

Ith residues

matrix at the position i, S;(k, ) is the AA exchange score between the k™ and the
at the position ¢, S; and o; are the mean and standard deviation of residues in the exchange
matrix S;, respectively. The Pearson’s coefficient between the positions 7 and j, termed 7; ;, is

proposed as:

N

a1 (Sickay — S) (Sjn) — S5)
r(6,0) = 33 > e 1)
k=1
1 & 1 N
q— =12
e . R E ) _q. 22
S’L N2 k;l Sz(k,l); g; N2 _1 — [Sz(k’l) SZ} ( )

Using the ASC to reduce the phylogenetic bias, the significance of statistical coupling is

modeled as:

PCC(i,j) =r(i,T) +7(j,Z) — F (23)

=

N

)= Srd) =1 D @)

j=1 i=1

Our parameter settings We used the default parameter settings.

Software availability Our toolbox.

2.13 LogR: disentangling direct coupling analysis [13] (2010)

Introduction The sequence-based method LogR was proposed to model the weighted covaria-
tions by disentangling indirect statistical dependencies from direct dependencies. Specifically,
it quantifies the statistical couplings by estimating the weights of pairwise edges in Bayesian
spanning trees, which can model the dependencies between residue positions [13]. In this s-

tudy, the coevolving residue chains were found to travel through spatial distances in protein 3D
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structures, indicating the indirect (or transitive) statistical dependencies. To reduce phylogenet-
ic biases, LogR used the phylogenetic correction proposed by APC . Moreover, the statistical
dependency was estimated using informative prior and conservation information, both of which

could improve the accuracy of contact predictions [13].

Methodology Suppose the number of residue positions is N given the MSA input D. Measured
through Dirichlet prior, P(D; ;) is the joint probability of the position ¢ and j. The statistical
dependency between the i*" and j™ positions, termed as R; ;, is defined by the joint probability
P(D, ;) divided by the marginal probability P(D;) and P(D;).

P(D; ;)

9= P(DP(D;)

(25)

To avoid the existence of 0 in the statistical independency, log R; ; is shifted to a non-

negative value by dividing the minimal value of log R; j, which is S; ; = log(R; ;/min R; ;).

The APC phylogenetic correction is then calculated as:

N N
Zl Sn,i Z—l Sm,j
1Og(RSJ) = Si’j - n—N Nm— (26)
> 2. Sum

n=1m=1

To disentangle the statistical couplings, the weight of the edge j < =(j) in the entire
spanning tree space is estimated using the priors P(7), where 7(j) is the parent node of the
4 position in the spanning tree 7. The weighted correlation for the positions j and 7(j) is

measured as:

C o HMim@)
M) = (Rim) 7= _]ijw(j) 7)

Where 7(3) is the neighboring node of the node j** in the spanning trees and Hjx(j) 18 the

probability of the edge j — 7(j) in random spanning trees.
Our parameter settings We used the default parameter settings in the software.

Software availability Author’s generosity.
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2.14 DCA: direct coupling analysis [14] (2011)

Introduction This study aimed at the prediction of residue couplings in the spatial proximity
given folded proteins [14]. Specifically, it approximates the maximum entropy by exploring
the pairwise couplings given a MSA input. The implementation in [14] was proven to be fast
compared to a message-passing algorithm published in an early study [45]. Moreover, the true
positive rates of the new DCA has been shown to be better than MI and LogR using 131 domain
families collected from the Pfam database.

Methodology Suppose P(X71, X5, ..., X,,) is the join distribution given the MSA input with
the residue positions X; from 1 to n. Given a maximum-entropy function, the optimization of
the joint distribution is approximated by the marginal and the pairwise dependencies using the
Lagrange transformation. Specifically, the approximation strategies (i.e. independent positions,
mean-field approximation) are used to determine parameters in the Gibbs potential functions.
Similar to mutual information, DCA models the pairwise couplings using the direct information
(DI):

d
") (4, x])

dir (dir
S P (@ i7xj)'zpz‘j (@i, ;)
T; xj

(28)

DI; = ZZP W) (25, 2;) - log

( “”)(

Where z; is the residue at the position 4, ;' (x;, ;) is estimated through the following Gibbs

potential function:

P (5, 25) = 7 exp — (fij(wi, ;) — filw) f3(2)) " (i, 25) + ha(w) + hy(z;)] - (29)

Where f; is the marginal probability function of the position i*" in the MSA input and fi; is the
joint distribution between the positions ¢ and j. Hz(xl) is the parameter that imposes the em-
pirical single-residue counts of residue x; at the position 7. Z;; is the normalization parameter.
(fij — fif;) "(xi, ;) is the element in the inverse of an empirical correlation matrix derived
from the MSA input.

Our parameter settings We used the default parameter settings.
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Software availability http://plmdca.csc.kth.se/.

2.15 PSICOV: precise structural contact prediction [15] (2012)

Introduction PSICOV uses a graphical Lasso approach with a sparse inverse covariance es-
timation to reduce prediction biases, caused by functionally related residue chains in protein
structures [46]. The rationale of the sparse inverse covariance method relies on the fact that
residue contacts are sparse in the known protein structures. Specifically, the non-zero terms in
the sparse inverse covariance matrix represent coupling positions and the zero terms indicate
that two positions are conditionally independent, assuming that the underlying distribution fol-

lows a multivariate Gaussian distribution [46].

Methodology The methodology of PSICOV can be simply described as:
O = [\ diag(Xy, ... Xn) + (1 = A) - Cov(X,Y)] " (30)

Where N is the number of residues in a sequence, C'ov(X,Y') is the covariance matrix
over all positions X,Y in the MSA input, O is the concentration matrix, A € [0, 1] is the
shrinkage parameter which targets diagonal values in diag(X1,..., Xx) and X; denotes the
mean of diagonal values in the covariance matrix. The inverse covariance matrix estimates the

significance of the positions ¢ and j in contact through the function Sg = Zab|@§;’ , where a

and b are two residues at the position ¢ and j, respectively. The correction of phylogenetic bias
has also been taken into account in the PSICOV score:
AR e
. ; Sij : j; Sij
PCZ'j :Sij —W (31)

Our parameter settings Recommended by the software manual, the parameter —r and — were

set to 0.005 and 62, respectively. Other parameters were default.

Software availability http://bioinfadmin.cs.ucl.ac.uk/downloads/PSICOV/.

20



Supplementary text S1: Ensemble coevolution system

2.16 SVMcon: support vector machine contact map predictor [16] (2007)

Introduction SVMcon was designed to predict residue-residue contacts using support vector
machines (SVM). It was ranked as the second best method in the 7th critical assessment of struc-
ture prediction (CASP7). SVMcon also outperformed CMAPpro using the benchmark datasets.

Methodology SVMcon begins with the assessment of five input features for each residue pair at
the positions ¢ and j. Using over 310000 training data points, the input features include the local
window features, pairwise information features, residue type features, central segment window
features and protein information features. Thereafter, the classification function of the SVM

learner f(z) is defined for contact predictions:

flz) = Z a; - K(z,x;) — Z a; - K(x,z;) +b (32)

Ii€S+ xz‘GS_

K(£E7l’z> _ 6—0.0025-||;t—ac7¢||2 (33)

Where z; is the data point in a support vector, b represents the estimation bias, a; is a non-
negative weight assigned to the training data point x; by minimizing a quadratic objective func-
tion. ST indicates the data point of residue pairs in contact and S~ indicates that the data point
of a residue pair which is not in contact. A new data point z is predicted to be positive if
f(z) > 0. K(z,x;) is the Gaussian radial basis kernel and the inverse of the variance parameter
is optimized to be 0.0025.

Our parameter settings We used the default parameter settings.

Software availability http://casp.rnet.missouri.edu/svmcon.html

2.17 NNcon: neural network-based contact map predictor [17] (2009)

Introduction The 2D-Recursive Neural Network (2D-RNN) models were trained to predict

residue-residue contacts using a sequence dataset consisted of 482 protein families.

Methodology Ten 2D-RNNss are trained and validated using the 10-fold cross-validation on a

sequence dataset with 482 proteins. These 10 models are assembled to predict residues in con-
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tact. The residue contacts are those residue pairs which have the Euclidean distance of their C,
atoms less than 8 or 12 angstroms. Given a protein sequence with the length of n amino acids,
the 2D-RNN constructs a n X n input matrix and outputs a probability matrix with n X n contact

elements.
Our parameter settings We used the default parameter settings.

Software availability http://casp.rnet .missouri.edu/nncon.html

2.18 DNcon: neural network contact prediction [18] (2012)

Introduction DNcon was proposed to improve the predictions of residue-residue contacts based
on deep networks and boosting techniques [18]. Using the standard back propagation algo-
rithm, the weights of multiple layers in deep networks were trained based on the predicted
secondary structures, solvent accessibility, amino acid features and position-specific scoring
matrix [18]. The method was evaluated using the D329 dataset containing 329 proteins, the
SVMCON_TEST dataset containing 48 proteins and the CASP9 dataset containing 16 proteins.
The comparison experiments showed that DNcon outperformed two other methods, ProC_S3
and SVMcon.

Methodology Amino acid features (e.g. electrostatic charge, codon diversity, volume, polarity,
secondary structure) are modeled in deep network classifiers with the combination of restricted
Bolzmann machines. The short, medium and long range residue-residue pairs are sampled from
a large database, which is used to train deep network classifiers with the improved prediction

power. The final contact predictions are evaluated by the scoring function.

Our parameter settings We used the software server with the option of the top 5L predictions

where L is the length of amino acids given an input sequence.

Software availability http://iris.rnet.missouri.edu/dncon/.
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2.19 CMPro: 2D recursive neural network [19] (2012)

Introduction This study proposed a contact prediction architecture based on neural network-
s and structural alignment models. Using both CASP8 and CASP9 datasets, performance of
CMPro was shown to outperform PSICOV and other methods which were tested in CASP8 and
CASP9 contact prediction [19].

Methodology Neural network prediction models are constructed in three steps. Firstly, the
coarse contacts and the orientations between secondary structure elements are predicted using
2D recursive neural networks. The probability of parallel contact, anti-parallel contact or no-
contact is estimated using feature variables extracted from protein secondary structures and
amino acid compositions in the sequence input. Secondly, the energy-based method is used to
optimize the amino acid alignment of strand - strand and helix-helix secondary structures. The

log-likelihood objective function is defined as:
Eq=—) log Pa(d;,0;) (34)
i=1

Where n is the number of anti - parallel (or parallel) contacting residue pairs, @; and 6; are the
true shift and phase for the ith example, respectively. Thirdly, a deep neural network architec-
ture refines the prediction of residue contacts. Deep NN architecture has k layers and each layer
contains 25 x 9 x 2 residue features, 3 x 7 x 7 coarse features, 4 x 7 x 7 alignment features and 81
temporal features. Due to the heavy computation of backpropagated gradients in multi-layered
neural networks, an incremental approach has been proposed to train the weights of neural net-

works. The prediction performance is further improved using 10-fold cross-validation.
Our parameter settings We used the default parameter settings.

Software availability http://scratch.proteomics.ics.uci.edu/

2.20 PhyCMAP: random forest, integer linear programming [20] (2013)

Introduction This study proposed a sequence-based method PhyCMAP, which integrates both
evolutionary and physical restraints using random forests and integer linear programming ap-
proach [20]. The performance comparison showed that PhyCMAP outperformed NNcon, CMAP-
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pro and DCA given the CASP10 dataset.

Methodology PhyCMAP has two components. The first component predicts the probability
score of the residue contacts using random forests. The contact score for the position pair (¢, J)

1s defined as:

HPS Z j Zpsbeta a;, ] +Pshelw:(a ah) (35)

i %j
heH

Where a” is the residue in a homology sequence / aligned to the residue i in the query sequence,

PSheta(all,a”) is the probability of a residue pair (a, a!

structure, PSheiz(al, a aj ") is the probability of residues a!*

) forming a contact in the [S-sheet

formlng a contact connecting two

7 j
helix structures. Both PSj.(a ?, ]) and PSbeta( a;, ;’) are obtained from protein structures

in the training dataset containing 900 non-redundant protein structures
The second component selects a set of top-ranked contacts by using the integer linear pro-

gramming, which maximizes accumulative probabilities under a set of physical constraints.

max > (Xi; x HSP(i,5)) — g(R) (36)

Where X ; is a binary variable and X, ; = 1 if the position pair (¢, j) are in contact. g(R) =
> R, is a linear penalty function with the parameter r defined over 8 hard and soft constrains.
These constraints are mainly proposed based on the observations of residue contacts between

two [-strand structures or between two a-helix structures.
Our parameter settings We used the default parameter settings.

Software availability http://raptorx.uchicago.edu/

2.21 Mutagenetic: mutagenetic tree mixture model [21] (2005)

Introduction Mutagenetic tree models have been designed to investigate the accumulation of
drug resistance-associated mutations in HIV-1 proteins [21]. It was shown that mutagenetic
tree mixture models could identify many parallel or confluent mutation pathways using se-
quence datasets of HIV-1 protease [21]. This method has also been applied to the field of tumor
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development [47,48].

Methodology The mutagenetic tree model is built using a set of directed weighted trees. This
model can approximate the joint probability distribution consisting of a set of mutational events.
Based on a similar methodology proposed in the mixed tree probabilistic models [49], EM
algorithm can be used to maximize the log-likelihood function. Suppose a mutagenetic tree
is denoted as 7' = (V, E) with the set of vertices V' and the set of edges F, x = {x;,...,xn}
represents the mutation pattern. Given one mutagenetic tree model 7', the likelihood of a pattern

x in T can be modeled as:

L) = [ Pex JI @=Pe) (37)

ecE(V(x)) e€E(V-V(x))

The mixed tree model is defined by M = S~ oy T}, where ay, € [0, 1] is the weight of the
k" tree T}, and Zszl ay, = 1. The likelihood of the trained mutagenetic tree M is defined as:

N K
fl@r, x| M) = "log Y ayL(wi|Tx) (38)
=1 k=1

The parameters o, and 7}, are thereafter optimized by the EM algorithm [49].

Our parameter settings For each input sequence dataset, one mutagenetic tree was created

using default settings.

Software availability http://mtreemix.bioinf.mpi-inf.mpg.de/.

2.22 BN: Bayesian network [22] (2007)

Introduction Bayesian networks (BNs) have been used to model mutational pathways in HI'V-1
proteins [22,50,51]. It was shown that Bayesian networks could be useful for improving drug

resistance predictions [52].

Methodology Bayesian networks are trained based on methods adapted from the Bright soft-
ware [53]. Given a MSA input, this method maximizes the posterior probability of Bayesian

networks whose variables are residues or therapies. The robustness of Bayesian networks is ex-
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amined by a non-parametric bootstrap resampling using 100 replicates. In a consensus Bayesian
network, edges between variable nodes are considered as robust if their bootstrap supports are
above 65%. Different amino acids at the same position may cluster together due to the presence

of strong antagonistic effects.

Our parameter settings We used the default parameters as indicated in [22] (bootstrap re-
sampling: 100 replicates, bootstrap support: 65%). In order to compare results of Bayesian
networks with other coevolution methods, we extracted position pairs of adjacent variables in

the trained Bayesian networks.

Software availability https://code.google.com/p/bright/.

2.23 Spidermonkey [23] (2008)

Introduction In the software platform Spidermonkey, coevolving positions are modeled us-
ing Bayesian networks trained using reconstructed ancestral sequences from a phylogenetic
tree [23]. More specifically, Spidermonkey uses MCMC-based algorithms to model conditional
dependencies between the non-synonymous positions in Bayesian networks. The advantage of
this method relies on the fact that Bayesian networks can model high order interactions using
ancestral sequences, for coevolving positions may have high-order interactions in protein fam-
ilies [23]. However, the convergence of MCMC in the process of Bayesian network training
requires large sequence datasets and a heavy demand of computation power. As a compromise
between computing power and prediction accuracy, Spidermonkey allows for at most two par-

ent nodes of variables in Bayesian networks [23].

Methodology Given a sequence dataset, Spidermonkey estimates a substitution model and re-
constructs ancestral sequences in the phylogenetic tree using a strategy of maximum-likelihood
optimization. The statistical dependencies between protein positions in Bayesian networks are
modeled using a MCMC-based algorithm [23].

Our parameter settings In our analysis, we used parameter settings as follows: (1) nucleotide
model 012345, MG94x; (2) treatment of ambiguities: averaged; (3) the number of positions

with substitution values: default, (5) maximum parents: 2; (6) the number of MCMC chains:
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default (100000); (7) the number of burn-in steps before the main chain: default (10000); (8)

the number of ancestral samples: default (100).

Software availability http://www.hyphy.org/w/index.php/Main _Page.

2.24 CTMP: continuous time Markov process [24] (2007)

Introduction This study proposed a continuous-time Markov process model augmented with
the phylogenetic information [24]. To identify sequence coevolution in different protein fam-
ilies, the model was applied to screen all position pairs of inter- and intra-domains in the pro-
tein families [24]. The majority of coevolving protein domains was found near functionally
important positions, providing an interesting information of protein structural and functional

constraints in the sequence coevolution [24].

Methodology Four steps are performed to measure the residue coevolution. Firstly, the ma-
trix of coevolutionary rates corresponding to amino acid changes is obtained by reweighting
the independent coevolutionary rates. Secondly, sequences from different protein domains are
mapped to the leaves of phylogenetic trees shared with the same topology. Thirdly, the log-
likelihood ratio is measured by the likelihood of observed sequences in the coevolution model
compared to the null model. By doing so, the joint probability of residue positions is approxi-
mated by the singlet and pairwise terms of aligned positions among all states of internal nodes
in the phylogenetic tree. The CTMP model is simplified as:
[T Plai(t), ;(t)]:(0), 2;(0))

Ti—T;ET

P(21(), ooy 20 (1) |1(0), .., 2 (0)) = (39)
P(x;(t)]x;(0))%

s

=1

Where x;(t) is the sequence composition at the i’ position with the sampling time ¢ given
the phylogenetic tree m and the MSA input. The position pair x;(t), z;(t) is observed on the
leaves of the phylogenetic tree 7.

Lastly, the false positive rates of coevolving position pairs are evaluated by multiple hypoth-

esis tests using the simulated datasets.

Our parameter settings We used maximum 500 sequences for our CTMP analysis due to
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limited computation power. The maximum-likelihood phylogenetic trees were trained using
RAXML V7.0.4. The threshold on the fraction of sequences coevolving with non-overlapping
states was set to 1, as well as the threshold on the fraction of conserved sequences. The penalty

parameter (¢) of the CTMP model was set to 0.25 according to the manual.

Software availability http://www.stat.sinica.edu.tw/chyeang/.

2.25 CoMap [25] (2011)

Introduction CoMap V1.4.1 uses Markov models to identify residue coevolution based on the
phylogenetic tree [25]. This model takes into account the uncertainty of ancestral states and
among-site rate variations given the phylogenetic tree inputs [25]. As an advantage, CoMap
can work on both nucleotide and amino acid sequence datasets. Using a ribosomal RNA dataset
including 79 bacteria species, this method identified more than 95% intra-protein predictions

based on protein contact maps [25].

Methodology Firstly, for each residue position, CoMap creates a substitution vector which
contains posterior estimates of the substitutions at each branch given a phylogenetic tree. By

accounting for position variations, this substitution vector is defined as:

Vip = Z Z Z Nayay (L Te) X P2y, 24,7 Ds, O) (40)

c zp Iy

Where D; is the i" position of the MSA input D, a is the number of internal nodes in the
phylogenetic tree and b is a branch in the phylogenetic tree, r. is the rate of class ¢, O is the set
of parameters including branch lengths, substitution matrices and rate distribution parameters.
Ne, 2 (t-r.) is the conditional observation of substitutions expected on the branch with its branch
length ¢ and the states x,,, x,.

Secondly, the Pearson’s correlation coefficient between two substitution vectors is:

Cov(Vi, V)

"7 oWa (V) o

Where V; = (vi1,..., Vip, ..., Vim) is obtained in the first step and o(V;) is the standard
deviation of V;.
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Thirdly, to show the statistical significance, p-values are measured by comparing the con-
ditional observations of substitutions with the expectation of the null hyphothesis of indepen-

dence. The null distribution is estimated by simulating 100000 independent pairs [25].

Our parameter settings We used pairwise analysis to calculate the compensation coefficient
for each position pair in CoMap V1.4.1 [54]. Due to the limitation of our computation power,
the number of sequences in the input datasets was restrained to be less than 500 sequences.
In the first round, CoMap reported varied positions in the maximum likelihood phylogenetic
tree. We thereafter removed positions reported with infinite maximum likelihood according to
the software manual. In the second round, the maximum-likelihood phylogenetic trees were
prepared using RAXML V7.0.4. As suggested in the software manual, we used the follow-
ing parameters: (1) nijt_aadist.sym=no, (2) aadist.type=grantham, (3) statistic=Compenstation,
(4) model=LGO8, (5) statistic.null=yes, (6) statistic.null.compute_pvalue=yes, and (7) statis-
tic.null.nb_rep_CPU=8. The coevolving residues were collected if their p-values were less than
0.05.

Software availability http: //gna.org/projects/comap.

2.26 GREMLIN: generative regularized models of proteins [26] (2013)

Introduction GREMLIN was originally proposed to learn an undirected probabilistic graph-
ical model of the amino acid compositions given the inputs of MSA [55]. GREMLIN out-
performed hidden Markov models using the datasets of 71 protein families extracted from the
PFAM database [55]. As sequence-based methods usually require a large amount of sequences
to achieve robust predictions, this paper contributes to incorporate prior information on residue
pairs so that fewer sequences are needed for robust coevolution predictions [26]. Performance
of GREMLIN was compared to MI, PSICOV, DCA, plmDCA and MIc using a large sequence
dataset with 329 protein families.

Methodology Markov random field is used to model the probability distribution given a set
of independent sequences X = {X' X2 ... X"} in the MSA input. Due to the intractable
computation of the global maximum likelihood function, the pseudo-likelihood function is pro-

posed for the efficient approximation to make the problem solvable. Specifically, the pseudo-
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likelihood is defined as:

1 N . o
pll(®) =+ > {1og¢j(x;.)+ D loggin(X], X}) — log Z; (42)

XieX j=1 kene(V;)

Where X j’ is the residue at the j' position of the i'* sequence given the MSA input, ¢; is
the potential function of the position j, ¢, is the potential function for the edge j — £, Z; is
a local normalization constant, ne(V;) is the set of vertices connected with the node j in the
undirected graphical model.

For both structure learning and parameter estimation, the L1 regularization is used for the

optimization based on the projected gradients.

N N N

max(b,oz pll((b) - /\node ZHVSH%_)\edge Z Z Qg (43)
s=1 s=1 t=s+1

subject to: V(1 <s<t<N):ag>||WH, (44)

Where \,o4c and A.qq. are regularization parameters that determine the weights of the penal-
ty level. av is the differentiable proxy of ||1V*||5, which solves the calculation using a smooth

convex optimization.
Our parameter settings We used the default parameter settings.

Software availability http: //openseq.org/.

3 Implementation and software manual

Several sequence-based methods (e.g. SCA, LogR, DCA, GREMLIN, ZERS, NBZPX2) were
designed using Matlab, we thus decided to build up the ensemble coevolution system in Matlab
by integrating the available methods and implementing 7 methods without public sources. We
newly implemented 7 methods in our toolbox including ASC, APC, Complementary, NCPS,
PCC, PhysicoMI and RCW. Other methods designed in non-Matlab platform were requested
from the authors or downloaded from public sources (see Table 1).

Due to the copy right issue, users who wish to test methods implemented in other publica-
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tions need to install software independently. Nevertheless, our toolbox offers users the platform

to prepare the input files, the command lines (if any), the extraction of output results and the

assembly of all 27 methods integrated in our system. Currently, the toolbox V0.1 has only been

tested in Linux (Ubuntun 12.04, 64-bit). If system comparability or other issues were encoun-

tered, please write an email to liguangdi.research @ gmail.com to obtain the latest version.
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