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Abstract
It would be great if interface residues, which are responsible for protein-protein interactions, could be
determined from the amino acid sequence. Sequence Harmony, Multi-RELIEF, SDPpred and GroupSim+ConsWin are used to predict interface residues from residue conservation between interacting and
non-interacting groups. Therefore, a dataset based on Fungal Orthologous Groups is used. Different
analysis methods are used for Sequence Harmony. Some interesting differences are found in these
methods. Sequence Harmony, Multi-RELIEF, SDPpred and GroupSim+ConsWin perform significantly
better then a random prediction of interface residues. The statistical analyses are performed with care:
Quantile-Quantile plots are created for each True Positive Rate to calculate accurate confidence intervals.
The interface predictions are significant better then random but somewhat disappointing. Also, large
deviations in predicting individual FOG interfaces are found for every method and high correlations
between predicting individual FOG interfaces are only found between Sequence Harmony and MultiRELIEF (Figure 14).

I

Introduction

ligand. This can be done experimentally by clarifying the 3D-structure of the protein with Nuclear
Magnetic Resonance (NMR) or X-ray crystallography. Since so much sequence data is available
nowadays, it could be very usefull if PPIs can be
predicted out of the amino acid sequence. Several
computational programs are developed to determine
specificity determinating positions (SDPs), such
as Sequence Harmony [2], SDPpred [3, 4], MultiRELIEF [5] and GroupSim [6]. Despite of the
study of Caffrey et al. [7], who found that residue
conservation will rarely be sufficient for reliable
prediction of protein interfaces, Sequence Harmony
was used previously to identify protein interfaces
from residue conservation between interacting and
non-interacting groups in Feenstra et al. [8] and De
Ruijter [9].
The general outlook performed by Feenstra et
al. [8] is shown in Figure 1. The initial point
is a known interaction between protein A and B.
After this, a non-interacting paralog, protein B’, is
detected. Next, orthologs for protein B and B’ are
detected from which the specificity residues can be
determined, which are putative interface residues.

Protein-Protein interactions (PPIs) are widely involded in the regulation of cell function. For
instance, PPIs are very important for regulation
of gene expression, muscle contraction and signal
transduction. These PPIs come into existence due
to hydrogen bonds, ionic bonds, noncovalent bonds
and van der Waals attractions which are determined
by the interaction region. This region is named
the interface. One of the largest protein families,
the G-Protein Coupled Receptor (GPCR), is very
important in the signal transduction route. Ligands
bind to the extracellular space, which activates an
intracellular pathway. These GPCRs show great
specificity in binding ligands.
This is due to
the interactions between the ligand and the amino
acids in the interface region of the GPCR. GPCRs
are one of the most important drug targets since
approximately 30% of all marketed drugs act on
GPCRs [1].
Because of the importance of GPCRs, it should
be interesting to determine interface residues, which
are responsible for the binding between GPCR and
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Since the results of [8] and [9] were slightly disappointing, the previously mentioned computational
programs, SDPpred, Multi-RELIEF and GroupSim
are used just like Sequence Harmony to predict
interface residues. This is done on the dataset
used by De Ruijter [9]. Also, neighboring residues
are expected to increase the reliability of functional
residue prediction methods [6, 10]. Therefore, a
sequence neighbour ranking is manufactured just as
is described in [2] for Sequence Harmony.
Furthermore, the dataset used by De Ruijter [9]
is a bit more complicated than what is outlined in
Figure 1. There can be interactions between protein
B and some other proteins, for instance C and D,
as is shown in Figure 2. Each of these interacting
proteins has its own interface region, which can be

different. For instance, protein A1 and A2 in Figure 2
may correspond to the previously mentioned protein
A, but proteins C, D and E describe proteins which
are not mentioned in Figure 1. These proteins bind
to both protein B and B’. As a result, one would
expect differences in predicting interface residues
between the binding proteins C, D & E and A1 & A2
as shown in the bottom right corner of Figure 2.
For this reason, overlap between interface
residues of binding proteins on protein B are determined before predicting the interface residues. A
separate analysis is done for every binding protein on
one protein, because there are large differences between the interface residues of the binding proteins.
The same analyses are done as in De Ruijter [9] for
all the other proteins.

Figure 1: For an interacting pair of proteins, A-B, a non-interacting homolog, B’, is detected. Orthologs
for B and B’ are detected. After this, probable interface residues for B are determined from specificity
residues. In addition, probable interface residues for A are determined. These results should form the
interface between proteins A and B. (Taken from [8] with permission).

Figure 2: Instead of only an interaction between A and B as sketched in Figure 1, several proteins are
showing interactions with protein B. These interacting proteins act on different interfaces. In this case,
conservation in group A1 , A2 , C, D, E and C, D, E could be expected for protein B and B’ respectively.
These patterns should be hidden in the profile-profile alignments from where predictions can be done.
Consequently, different predictions could be expected if some of these proteins are also showing interactions
with protein B’, such as protein C, D and E in this figure.
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II
II.A

Methods and Data

alignment is completed.
Three dimensional structures are found for each
S. cerevisiae gene in FOG B and each binding
protein in the Protein Data Bank. These are
necessary, because the predicted interface residues
must be compared with the ‘real’ interface residues.
These interface residues are determined from the
three dimensional structures, which goes as following
pseudocode describes.
if distance between two atoms on two chains
in a PDB file < (the sum of their van der
Waals radii + 2.8Å):
interface residue
else:
not an interface residue
The ‘real’ interface residues can not be compared
directly by the obtained predictions of the used
programs, because there may be an offset. Therefore, multiple sequence alignments are performed
with MUSCLE [13] between FOG B and binding
proteins on FOG B. After this, it is possible to
relate a position number from FOG B to the residue
number of one of the binding proteins. Eventually,
comparisons between predicted and ‘real’ interface
residues can be made.
Some interface residues are conserved between
the groups FOG B and B’. These interface residues
can not contribute to the specificity for a binding
protein. For this reason, conserved residues between
groups FOG B and B’ are not considered in the
analysis. Residues are considered to be conserved
if the entropy of both groups is smaller than 0.1.
Subsequently, 247 FOG B-B’ multiple sequence
alignments with predicted interface residues are
selected. These 247 FOG B-B’ multiple sequence
alignments cover 45 S. cerevisiae genes. These genes
are referred to be as FOG number Yeast GeneID for
each individual gene. Further information about the
dataset used in the current study can be found in [9].

Dataset Generation

A part of the dataset (Table 2) from De Ruijter [9] is
used for detecting protein interfaces. This dataset is
based on Fungal Orthologous Groups (FOGs) [11],
which are high resolution orthologous gene families.
This dataset consists of several FOG A-B-B’ combinations, were FOG B does show interaction(s) with
FOG A and FOG B’ does not show interactions
with FOG A, just as described in Figure 1. Homologous relationships between FOGs are found via
HHsearch [12]. For that, an e-value cut-off of 1e-7 is
used.
After this, multiple sequence alignments are
performed on the FOG B-B’ data. These alignments
are performed before by De Ruijter [9]. The quality
of this multiple sequence alignment has a major
influence on a good prediction of interface residues
from residue conservation between interacting and
non-interacting groups. For the current study, the
homologous parts of the FOG B-B’ data are used.
These homologous regions of the FOG B-B’ data
are aligned as is sketched in Figure 3. Step
1 consists of two alignments performed with the
profile-profile alignment option of MUSCLE [13].
The FOG B alignment is aligned to the alignment
obtained by HHsearch [12]. The same routine is
used for FOG B’. After this, parts of sequences
which are not aligned to the HHsearch alignment
are removed. In step 2, an alignment is made of the
alignments FOG B and FOG B’. Due to including
the HHsearch alignment, the FOG B-B’ alignment
is guided by the homologous regions. This method
outperforms [12] PSI-BLAST, HMMER, COMPASS
and PROF SIM. As a result, the quality of the
alignment improves. Eventually, the sequences from
the HHsearch results are removed and the FOG B-B’

Figure 3: Creating the profile-profile alignment for FOG B B’ using the HHsearch alignment as a guide.
(Taken from [9] with permission)
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II.B

Benchmarking

separately. These results are averaged, resulting
in one score for the FOG B-B’ combination of
gene i. Predictions are made for every FOG B-B’
combination of gene i. The results are averaged,
so one result for gene i is obtained. Eventually,
predictions are obtained for every gene, which are
averaged into one result.
Furthermore, the Area Under the ROC
Curve (AUC) is calculated for each analysed S.
cerevisiae gene. This is done with the MidPoint
rule [14], which is shown in Formula 1. i starts
at zero and increases up to 1 with a 0.01 step.
This increment leads to a reliable calculation of the
AUC. Then, the AUC results for each method are
averaged. After this, individual AUC results are
divided by the calculated average. Consequently,
normalized AUC scores > 1 are better then average
and vice versa.

First, interface residue overlap between binding
proteins, such as between the proteins A1 , A2 , C,
D & E in Figure 2, are determined for all the 45
S. cerevisiae genes. The interface residue overlap
between different binding proteins is determined to
divide the number of overlapping interface residues
by the number of interface residues of the protein
with the fewest interface residues.
As a result, a protein that binds to the same
interface with less interface residues gets a high
overlap score. For instance, imagine one FOG BB’ alignment with two binding proteins. If protein
1 binds on the residue region 20-60 and protein 2
binds to the residue region 30-40, the overlap score
is 100%. This is desirable, because these proteins
cover the same interface. In this case, the results for
predicting both binding proteins are averaged, which
results in one score for the FOG B-B’ alignment. In
constrast to this case, it is possible that the overlap
between the two binding proteins is 0% or very
small. In this case, the results are not averaged.
As a result, two results are obtained for this FOG
B-B’ alignment. These are considered to be different
genes.
Secondly, analysis of interface predictions from
residue conservation between interacting and noninteracting groups are performed. These analyses are done with Receiver Operating Characteristic (ROC) curves of coverage or True Positive Rate (TPR), versus Error or False Positive
Rate (FPR). The ROC plots are made in two
different ways. In the first place, scores are stored
in sets for some prediction methods used. For
example, all Sequence Harmony scores of 0 are
stored in one set. Subsequently, the FPR and the
TPR are calculated for this set. The sets chosen
for calculating FPR and TPR are mentioned in the
section II.C.1, II.C.2 and II.C.4. The second method
used for creating ROC curves uses the ranking of
the output. This means that every position in the
alignment is evaluated one by one, starting with the
best score.
The ROC-curves are based on the 45 S. cerevisiae genes with a matching three dimensional
structure.
These curves are calculated in the
following way: one or more proteins bind to gene
i. Interface predictions are made for one FOG BB’ combination of gene i for every binding protein

T P R(i+1) + T P R(i)
(F P R(i+1) + F P R(i) )
2
(1)
These analyses are performed for each prediction method used, which is explained further in
section II.C.
The ROC curves from the results of the computational programs are plotted against an average
random expectation. Furthermore, the standard deviation and a standard error are calculated to check
if the results are significantly better than a random
prediction of interface residues. The standard error
is used to determine a 95% confidence interval (CI)
for all the analysed genes. The standard deviation
gives information about the dispersion of individual
analysed FOG B-B’ alignments. The CI gives
information about the dispersion of the average
result of all the analysed FOG-B-B’ alignments.
A normal distribution is assumed when the standard deviation∗ and the standard error are calculated in the python script. Quantile-Quantile (QQ)
plots are made to check this assumption. The standard deviation and the 95% CI are recalculated if the
QQ-plots show a distribution different from normal.
The QQ-plots and the CI calculations (Formula 4
and 5) can be found in the appendix, section VI.
A short summary of the interface prediction
method can be found in Figure 4.
AU C =

*Note that Bessels Correction is used for the built-in
standard deviation function from numpy. It corrects the bias
in the estimation of the standard deviation.
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Figure 4: Pseudocode for the performed interface prediction analysis cf [9].

II.C

Interface residue prediction
methods

SHi = SiA+B −

Several existing methods for predicting SDPs are
used to analyse the FOG dataset.
II.C.1

Sequence Harmony is an entropy-based method to
detect subfamily-specific positions from a multiple
sequence alignment. Sequence Harmony includes
also positions that are highly conserved within one
group and not highly conserved in the other group.
This feature should be significant, because there
should be no preference for amino acids in the noninteracting FOG, since there is no interaction that
needs to be conserved.
The general formula to calculate a Sequence
Harmony score is shown in Formula 2.
A/B

=

X
x

pA
i,x log

pA
i,x
B
pA
i,x + pi,x

(3)

Here, S is Shannon’s information entropy. Details
of this algorithm are described in [2].
The Sequence Harmony scores are between 0
(low harmony rank) and 1 (high harmony rank).
High Sequence Harmony scores correspond to conserved positions in the multiple sequence alignment
and low Sequence Harmony scores correspond to
positions, which show large variations in the amino
acid composition and can explain the known specificity.
Sequence Harmony analyses of FOG B-B’ alignments are done in two different ways. The first
method is referred to as SH(1) in this paper. Here,
Sequence Harmony scores are fit in to different sets.
These sets vary from 0 to 1, with steps of 0.1. For
all these sets, coverage and FPRs are calculated.
The second method is referred to as SH(2) in this
paper. Here, Sequence Harmony results are ranked
ascending according to their score instead of fit
in to different sets. Positions can have identical
Sequence Harmony values. Neighboring residues
are expected to increase the reliability of functional
residue prediction methods [6, 10]. Therefore, a
sequence neighbour ranking is manufactured for
analysis method SH(2) just as is described in [2].

Sequence Harmony

SHi


1 A
Si + SiB
2

(2)

B
pA
i,x and pi,x describe the observed probabilities
of amino acid position i and type x in the alignment
of groups A and B, respectively. Formula 2 results
in a non-commutative situation, the average of these
two is taken, which upon rearrangement of terms
leads to Formula 3.
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This is done for the alignment positions with
Sequence Harmony values ≤ 0.2. Each sequence
neighbour, defined as between i + 2 and i − 2, with
a Sequence Harmony score ≤ 0.2 is added to the
‘groupsize’ of alignment position i. Furthermore, the
score of the neighbours will add up to the total rank
of position i. The ranking is then based on descending sequence neighbour scores. Thus, for alignment
positions with identical Sequence Harmony scores,
higher groupsizes are preferred. If both Sequence
Harmony score and the sequence neighbour ranking
are identical, the alignment positions are ranked
according to ascending total entropy.
II.C.2

to be a SDP. Consequently, analyses are done on the
rank determined by the webserver. Note that the
webserver output gives a group of potential SDPs,
so several alignment positions are not predicted.
As a consequence, it is expected that the coverage
will not reach 100%. Therefore, a score of 1.1 is
added if the position is not predicted to create nice
ROC-curves.
II.C.4

GroupSim, developed by Capra et al. [6], is a
sequence-based SDP prediction method.
This
method determines the average similarity between
each pair of amino acids in a group. For this,
an identity matrix is used. Eventually, a column
score is determined, which is “the average within
group similarity minus the average between group
similarity.” Higher scores stand for positions which
have a higher probability to be a SDP. As mentioned
by Capra et al. [6], SDPs are often found near
the active/interaction site. Furthermore, residues
in active sites of enzymes are more conserved
then average residues. [15]. For this reasons, the
GroupSim method is extended with a conservation
window heuristic, ConsWin. This method takes into
account the conservation of sequence neighbours.
In the current study, default parameters from the
python script are used. This script is available at
http://compbio.cs.princeton.edu/specificity/. More
details about this program are described in [6]
The GroupSim+ConsWin results are ranked on
their score.
By default, a column gap cutoff
and a group gap cutoff of 0.1 and 0.3 are used.
Consequently, it is possible that some positions are
not predicted. A negative score of -0.1 is allocated
to such a position indicating that this position is
not found by GroupSim+Conswin. This is done
for the ROC-curves. A negative score is added
to GroupSim+Conswin because SDPs score high in
GroupSim.
Analysis of the FOG B-B’ alignments are done
just as with SH(1) and Multi-RELIEF. The GroupSim+ConsWin scores are fit in different sets. These
sets vary from 1 to -0.10, decreasing with a score of
0.1. Just as for SH(1) and Multi-RELIEF, coverage
and FPRs are calculated for all these sets.

Multi-RELIEF

Multi-RELIEF, developed by Ye et al. [5], is based
on RELIEF, a Machine Learning technique for
feature weighting. Multi-RELIEF estimates the
expected local specificity of alignment positions.
Alignment positions are supposed to be relevant if
they have a high local specificity with respect to the
other class in the FOG B-B’ alignments. Details
about the algorithm are described in [5].
Analysis of the FOG B-B’ alignments are done
just as SH(1). The Multi-RELIEF scores are fit
in different sets. These sets vary from 1 to -0.1,
decreasing with steps 0.1. Just as for Sequence
Harmony, coverage and FPRs are calculated for all
these sets.
II.C.3

GroupSim+ConsWin

SDPpred

SDPpred is developed by Kalinina et al. [3, 4]
and this method searches for residues that are
well conserved within specificity groups but differ
between these groups, which are called specificity
determining positions (SDPs). This method uses
a Blosum substitution matrix to take in account
the evolutionary distance between amino acids. The
algorithm is described in detail in [4].
The webserver, SDPpred v.2.
from
http://bioinf.fbb.msu.ru/SDPpred/, is used for the
analysis of the interface prediction. The output of
this webserver does not provide a specific score, but
gives a table of predicted SDPs. The first predicted
SDP has, according to SDPpred, the greatest chance
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Figure 5: The overlap between the interface residues for each of the 45 S. cerevisiae genes. Note that
comparisons between the same binding proteins are excluded from this histogram.

III
III.A

Results

of these separate analyses. Predictions are done
with Sequence Harmony, because this method was
used before for interface prediction [8, 9]. It is
clear that there are no differences in predicting
interface residues for different binding proteins
for FOG 749 Sce YFL038C. In contrast to this,
FOG 2309 Sce YER136W does show differences in
predicting the interface residues. These differences
are between a FPR of 0.30 and 0.80. The coverage
can differ up to 100%.
For this reason, FOG 2309 Sce YER136W is
analysed for each binding protein separately. As a
result, 47 genes are analysed. They are all averaged
for their binding protein(s). Ultimately, these 47
interface predictions are averaged into one result for
each method as described in Figure 4.

Interface residue overlap

The interface residue overlap between binding proteins on each gene are represented in Figure 5. The
average interface residue overlap between binding
proteins on a gene is 88% . The smallest overlap is
22% and the largest overlap is 100%. This means
that there are no binding proteins on completely
different locations, such as was proposed in Figure
2. Still, large differences are found in interface
residues for 2 of the 45 analysed genes. Therefore,
these two genes are analysed for each binding protein
separately before analyses for all genes are done.
The ROC-curve in Figure 6 shows the results
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Figure 6:
Separate scoring is done for each binding protein on FOG 749 Sce YFL038C (left)
The average is also shown in darkblue for
and FOG 2309 Sce YER136W (right) respectively.
FOG 749 Sce YFL038C (left) and FOG 2309 Sce YER136W (right)

III.B

Interface Prediction from Sequence
Identity

FOG 2309 Sce YER136W (in red) are shown
in each picture to indicate the large dispersal.
The calculated standard deviation and confidence
intervals are based on the results of the QQ-plots,
which are shown in section VI. Eventually, the
results for each method are merged into one ROCcurve, as described in Figure 4.

The results for Sequence Harmony, MultiRELIEF, SDPpred and GroupSim+ConsWin
are shown in the next sections.
The dispersal for each method is described in their
sections. FOG 749 Sce YFL038C (in green) and

Figure 7:
Interface predictions done with SH(1) are visible in this figure. The error bars show
prediction variation of 1SD. Furthermore, interface predictions for FOG 749 Sce YFL038C (green) and
FOG 2309 Sce YER136W (red) are shown.
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Figure 8: Interface predictions done with SH(1) are visible in this figure. The error bars show the 95% CI.
Furthermore, interface predictions for FOG 749 Sce YFL038C (green) and FOG 2309 Sce YER136W (red)
are shown.

Figure 9: Interface predictions done with SH(2) are visible in this figure. The error bars show the 95% CI.
Furthermore, interface redictions for FOG 749 Sce YFL038C (green) and FOG 2309 Sce YER136W (red)
are shown.
III.B.1

Sequence Harmony

good, but the results for FOG 3825 Sce YNL246W
are a bit disappointing. In Figure 8, the 95%
confidence inteval (CI) is shown instead of 1SD. This
CI shows that the predictions of Sequence Harmony
are significantly better then a random prediction for
SH scores from 0 up to and including 0.5. The
second analysis method, SH(2), is shown in Figure 9.
Again, a CI is created. This CI shows that the
results are significantly better than random for FPR
from zero until 0.6. Furthermore, this method shows
that the TPR>0 while the FPR=0 as the bottom
left part of Figure 9 shows.

The interface predictions done with Sequence Harmony are shown in Figures 7, 8 and 9. The results
for analysis method SH(1) are shown in Figure 7
and 8. In Figure 7, results of interface predictions
for all the FOG B-B’ alignments are shown. The
standard deviation (1SD) shows that there are
large differences between the interface predictions
between different FOGs. For this reason, interface
prediction results for only one FOG are also shown.
The results for FOG 749 Sce YFL038C are quite
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Figure 10:
Interface predictions done with Multi-RELIEF are visible in this figure. The error
bars show the 95% CI. Furthermore, interface predictions for FOG 749 Sce YFL038C (green) and
FOG 2309 Sce YER136W (red) are shown.

Figure 11:
Interface predictions done with SDPpred are visible in this figure.
The error
bars show the 95% CI. Furthermore, interface predictions for FOG 749 Sce YFL038C (green) and
FOG 2309 Sce YER136W (red) are shown.

III.B.2

Multi-RELIEF

III.B.3

SDPpred

The interface predictions done with SDPpred are
shown in Figure 11. The coverage of SDPpred
is pretty small for the most FOGs. As a result, the total coverage is small. The results for
FOG 749 Sce YFL038C are very good, like those
of Sequence Harmony and Multi-RELIEF. Furthermore, the results for FOG 3825 Sce YNL246W are
very poor just as with Sequence Harmony and MultiRELIEF. Again, the 95% CI is shown, which shows
that the results are significantly better than random
for FPRs between 0 and 0.05.

Results of interface predictions done with MultiRELIEF are shown in Figure 10. Again, the 95% CI
is shown in this figure. The results of Multi-RELIEF
are comparable with predictions done with Sequence
Harmony. Multi-RELIEF does perform significantly
better then random for Multi-RELIEF scores between 0.6 and 1.0 . Furthermore, Multi-RELIEF
performs very well for FOG 749 Sce YFL038C and
very bad for FOG 3825 Sce YNL246W.
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Figure 12:
Interface predictions done with GroupSim+ConsWin are visible in this figure. The
error bars show the 95% CI. Furthermore, interface predictions for FOG 749 Sce YFL038C (green) and
FOG 2309 Sce YER136W (red) are shown.

III.B.4

GroupSim+ConsWin

III.B.5

The interface prediction results from the
last tested program, GroupSim+ConsWin, are
shown in Figure 12.
Again, the results for
FOG 749 Sce YFL038C are very good just like
the results for FOG 3825 Sce YNL246W, which are
again quite disappointing. The 95% CI shows that
the results are significantly better than random for
GroupSim+ConsWin values from 1.0 down to and
including 0.7.

Comparison
methods

between

the

tested

The results of all methods are merged into one
ROC-curve. This ROC-curve is shown in Figure 13.
Figure 13 shows the small FPR values in detail,
because these are the most important. It is obvious
that there are no big differences between all the
tested methods on the dataset.

Figure 13: The results of each prediction method merged into one plot. The small FPR values are shown
in detail.
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III.C

AUC

each method, correlation coefficients for normalized
AUC results are calculated, which are shown in
Table 1. High correlations are found between SH(1),
SH(2) and Multi-RELIEF predictions.

The normalized AUC scores are shown in Table 2.
This table is shown in the Appendix (Section VI).
The calculated standard deviation indicates that the
dispersal in the predictions of SDPpred is much
greater then for the other programs. This is due
to the strict prediction method of SDPpred. As a
result, predictions done with SDPpred are often very
good or very bad. The other methods tested show
more reproducible interface predictions. Between

SH(1)
SH(2)
GroupSim
Multi-RELIEF
SDPpred

Also, for each method, normalized AUC results
for each gene are plotted against the AUC results
from SH(1). These results are shown in Figure 14.
The high correlation between SH(1)-SH(2) and
SH(1)-MR are clearly visible. Furthermore, the
large dispersion of SDPpred is good visible.

SH(1)

SH(2)

GroupSim

Multi-RELIEF

0.80
0.23
0.79
0.22

0.29
0.81
0.28

0.34
0.10

0.20

Table 1: The correlation between the normalized AUCs for each method used.

Figure 14: The normalized AUCs from SH(1) for each gene are plotted against normalized AUCs for each
gene from the other methods tested. For example, 94 >Sce YGL106W normalized AUCs are 1.0, 1.0, 1.1,
1.0, 1.7 for SH(1), SH(2), GroupSim, Multi-RELIEF and SDPpred respectively (Table 2). This means that
1.0, 1.1, 1.0 and 1.7 are plotted against 1.0 of SH(1).
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IV

Discussion

Harmony scores between 0.9 and 1.0. This means
that 42% of the predicted residues are still interface
residues. This result is not an explanation for the
predicted 5% interface residues in the last 1% of
the non-interface residues. Some of the FOG BB’ alignments have Sequence Harmony scores not
higher then 0.5. Here, interface residues are more
likely to be then between Sequence Harmony scores
like 0.9 and 1.0. For this reason, the coverage
could be slightly increased, but the result stays very
surprising.
Multi-RELIEF recognizes differences between
interface residues and non-interface residues. The
shape of the ROC-curves (Figure 10 and 8) from
Multi-RELIEF and Sequence Harmony are almost
to same. Furthermore, high correlation coefficients
of 0.80 are found between these methods for normalized AUC results. Therefore, overal performances
and performances for individual genes are almost
identical for Multi-RELIEF and Sequence Harmony.
SDPpred recognizes differences between interface and non-interface residues, but no high coverage
is obtained with this method. As a result, the
predictions are significantly better than random only
for small FPRs and TPRs. This means that total
interface predictions are impossible with SDPpred.
Also, a large deviation is found, but this deviation
is especially large for SDPpred. Sometimes, no
interface residues are predicted at all. At the same
time, TPRs of 0.35 are obtained with a FPR of 0.10.
The last tested method, GroupSim+ConsWin,
also recognizes differences between interface and
non-interface residues. GroupSim+ConsWin scores
significantly better then random for scores from 1.0
to 0.7. This makes this method competitive with
other state of the art methods such as found in
Capra et al. [6]. Again, large deviations are found,
which makes this program not very reliable for
individual interface predictions. Default values are
used for this method. Due to these default values,
some interface residues are not predicted. For this
reason, GroupSim+ConsWin is not a proper choice
for full interface residue predictions, but better
results could be expected by optimizing the settings.
Note that the confidence intervals (CIs) are very
dependent on a correct choice of distribution. The
reliability of the CI is as large as possible due
to the QQ-plots. Still, the distribution chosen is
often far from ideal. Mostly, this results in an
underestimation of the positive spread of the CI.

The interface residue predictions depend heavily on
reliable multiple sequence alignments. Also, the
quality of the FOGs is very important, as analysed
previously by De Ruijter [9]. The FOGs of the
dataset used are only slighty better defined than
random. Therefore, De Ruijter [9] concluded that
the dataset is perhaps too inclusive. Although
the dataset is not identical, the same conclusion
should be valid for the dataset used in this paper.
Furthermore, different interface locations can be
found on a gene. For this reason, it is advisable
to calculate the interface overlap between binding
proteins on each gene. In this paper, one gene
is separated for each binding protein, because the
predictions, Figure 6, are too diverse. Therefore,
predictions done for different interface regions on
that particular gene are not averaged into one result.
The results from Sequence Harmony are quite
similair to previous results from De Ruijter [9]
and Feenstra et al. [8], but no statistical analysis
were done in these previous studies. No large
differences are found between the analysis methods
SH(1) and SH(2) with the exception of the first
part of the predictions. Alignment positions with a
Sequence Harmony score of 0.0 should be potentially
discriminative for function. Analysis method one,
SH(1), shows that a TPR of 0.21 is reached with
a TPR of 0.14 on average. Thus almost 70% of
the predicted positions is an interface residue, but
still 30% is not. Consequently, a Sequence Harmony
score of 0.0 alone seems to be no reliable measure
for interface prediction. Nevertheless, ranking on
Sequence Harmony score, neighbour score and Entropy as done by SH(2), results in a TPR of 0.03 and
a FPR of 0.0 on average. This is a promising result,
because the predicted interface residues could be
decisive for the PPI. Unfortunately, the deviation for
individual genes is quite large as shown in Figure 7.
For this reason, individual predictions are not very
reliable. Despite this deviation, the predictions done
with Sequence Harmony are significantly better than
random as shown in Figure 8 and 9.
Also, a surprising result is found in Figure 9,
because a FPR of 0.99 results in a TPR of 0.95.
This means that almost 5% of the interface residues
is predicted after 99% of the non-interface residues
is predicted. Nevertheless, a FPR and TPR of
12% and 9% respectively are found for Sequence
13
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[6] J.A Capra and M. Singh. Characterization and
prediction of residues determining protein functional specificity. Bioinformatics, 24(13):1473–
1480, 2008.

No large differences in interface residue predictions are found for the tested methods. Sequence
Harmony, Multi-RELIEF, SDPpred and GroupSim+ConsWin perform significantly better then a
random prediction of interface residues. Also, high
correlations between Sequence Harmony and MultiRELIEF are found for the gross of the predicted
interfaces (Figure 14).
Still, the quality of the performed predictions
is disappointing. Furthermore, large deviations are
found for every method. For this reasons, none of the
methods are reliable enough for interface predictions
for individual interface regions. However, all these
methods are very succesfull in identifying specificity
determining positions [2, 5, 6]. Consequently, the
obtained results supports Caffrey et al. [7]. Residue
conservation will rarely be sufficient for reliable
prediction of protein interfaces.

[7] D.R Caffrey H. Mintseris, S. Somaroo.
J.D Hughes and E.S Huang. Are proteinprotein interfaces more conserved in sequence
than the rest of the protein surface. Protein
Science, 13:190–202, 2004.
[8] K.A. Feenstra G. Bastianelli and J. Heringa.
Predicting Protein Interactions from Functional
Specificity. From Computational Biophysics to
Systems Biology, 40:89 – 92, 2008.
[9] A. De Ruijter. Detecting Protein Interfaces
from Sequence Specificity. 2009 Master Thesis,
MNW Free University Amsterdam.
[10] J.D Fischer C.E. Mayer and J. Soding. Prediction of protein functional residues from
sequence by probability density estimation.
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Appendix

The normal distribution expects negative TPRs up
to -20%, which is impossible. The exponential
and the gamma distribtion both fit much better
then the normal distribution. These distributions
are especially good for low and medium TPRs
scores from individiual genes. For this reason, the
calculated dispersion in a negative sense will not be
underestimated. The dispersion in a negative way is
the most important, because this gives information
about the performance against a random selection.
Therefore, the exponential distribution is chosen for
building CIs for TPRs up to and including 0.1.
The results for all the other selected TPRs are
shown in Figure 17. The normal distribution fits
quite well for this TPRs, so this distribution is used
for the CIs. One exception must be made. None of
the tested distributions show a good fit for a TPR of
0.99. The bulk of the results has a TPR of 1.0, but
some individual genes score a lot worse. Eventually,
an exponential distribution is chosen, because the
normal distribution expects TPRs of 1.1 and greater.
Note that the data for a TPR of 0.99 is manipulated
as is mentioned before in Formula 6.
The QQ-plots for each set of TPRs for analysis
done with Multi-RELIEF are shown in Figure 18.
The normal distribtion fits very well for the most
sets, thus these distribution is chosen for the CI.
For MReq>0.95 and MReq>0.0, the exponential
distribution is chosen.
The normal distribution does not fit very well
for the results of SDPpred, which are shown in
Figure 19. The exponential distribution fits much
better. Again, the exponential distribution performes especially well for low TPRs. As a result,
no underestimation of the calculated dispersion in
a negative way is expected. For this reason, the
exponential distribution is chosen to construct the
CI for each TPR.
Finally, the QQ-plots for the analysis done with
GroupSim+ConsWin are shown in Figure 20. These
results are quit similair to that from SH(2). The
exponential distribution fits very well for low TPRs.
For higher TPRs, the normal distribution fits very
well. Consequently, both distribtions are used to
build up the CIs.

Statistical behaviour of the data is very important
for correct data analysis. For instance, the dispersal
between a normal and an exponential distribution
is not the same. As a result, the calculated 95%
confidence interval (CI) may be misleading. Hence,
the statistical behaviour of the results is examined.
For this, Quantile Quantile (QQ) plots are used,
because this is a commonly used method to examine
the distribution of the dataset.
A 95% confidence interval (CI) is calculated [16]
for a normal and an exponential distribution using
Formula 4 and 5, respectively.
− z(0.025) ≤
1

X̄ − µ
≤ z(0.025) = 0.95
σX̄

(4)

1
1 2n
<
b
λ
λ χ22n;0.975

(5)

2n

b χ22n;0.025
λ

<

Where X̄ is the sample mean, µ is the expectation
b is the most
value, σX̄ is the standard error, λ
likely estimate of the parameter λ, λ is the actual
value of this parameter, and χ22n;α/2 is the Chi
squared distribution with 2n degrees of freedom and
cumulative probability α/2.
Y [i] = 100 − X[i]

(6)

Formula 6 is used before calculating the CI if the
mean of the TPR values is close to one. In this case,
the majority of the TPRs is one and some TPRs
are lower then one. The distribution is mirrored
due to Formula 6 so the correct distribution can be
discovered. Here, i corresponds to the TPR of a used
analysis method.
The QQ-plots for each set of TPRs for SH(1) are
shown in Figure 15. The normal distribution fits well
with the TPRs for each set. There are some doubts
about the distribution for a Sequence Harmony score
of 0.0. Eventually, the normal distribution is used
to build the CIs for all the sets.
In constrast, the normal distribution does not
fit very well for the results of SH(2) for TPRs up
to and including 0.1, which are shown in Figure 16.
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Figure 15: QQ-plots for the TPRs of analysis method SH(1). Green indicates the best fit. Other colors
represent alternative good distributions
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Figure 16: Part 1 of the QQ-plots for the TPRs of analysis method SH(2). Green indicates the best fit and
red indicates a bad fit. Other colors represent alternative good distributions
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Figure 17: Part 2 of the QQ-plots for the TPRs of analysis method SH(2). Green indicates the best fit and
red indicates a bad fit. Other colors represent alternative good distributions
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Figure 18: QQ-plots for the TPRs of the Multi-RELIEF results. fGreen indicates the best fit and red
indicates a bad fit. Other colors represent alternative good distributions
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Figure 19: QQ-plots for the TPRs of the SDPpred results. Green indicates the best fit and red indicates a
bad fit.
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Figure 20: QQ-plots for the TPRs of the GroupSim+ConsWin method. Green indicates the best fit and
red indicates a bad fit.
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FOG
94
288
328
328
376
569
569
656
656
656
732
749
749
816
901
915
1133
1282
1282
1572
1701
1846
1916
2013
2309∗
2309∗
2309∗
2316
2828
2951
2974
2974
3054
3624
3825
4062
4065
4324
4797
4932
5043
5630
5633
6229
6229
7374
8813

Gene
>Sce YGL106W
>Sce YDR510W
>Sce YJL138C
>Sce YKR059W
>Sce YJR121W
>Sce YDR404C
>Sce YKL144C
>Sce YBL003C
>Sce YDR225W
>Sce YOL012C
>Sce YDL064W
>Sce YFL005W
>Sce YFL038C
>Sce YLR208W
>Sce YKR068C
>Sce YIL021W
>Sce YDR177W
>Sce YNL037C
>Sce YOR136W
>Sce YPL046C
>Sce YGL238W
>Sce YPL106C
>Sce YNL189W
>Sce YMR276W
>Sce YER136W
>Sce YER136W
>Sce YER136W
>Sce YDR092W
>Sce YOR026W
>Sce YPL218W
>Sce YDR246W
>Sce YML077W
>Sce YBR088C
>Sce YGR009C
>Sce YNL246W
>Sce YDR373W
>Sce YDR472W
>Sce YGR232W
>Sce YNL259C
>Sce YDR394W
>Sce YPL232W
>Sce YOR340C
>Sce YPR181C
>Sce YDR385W
>Sce YOR133W
>Sce YLR335W
>Sce YML007W
standard deviation

SH(1)
1.0
0.8
1.0
1.0
1.2
1.0
1.1
0.8
0.8
1.0
1.1
1.2
1.2
1.1
0.9
1.0
1.0
1.1
1.1
0.9
1.0
1.1
0.7
1.0
0.8
0.7
0.6
1.2
1.1
1.1
1.2
1.1
1.0
1.3
0.7
1.2
0.8
1.2
0.8
1.0
0.9
1.1
1.1
1.1
1.1
0.8
1.0
0.16

SH(2)
1.0
0.8
0.9
0.9
1.2
1.1
1.1
0.8
0.8
0.9
1.1
1.2
1.2
1.1
0.8
0.9
0.9
1.2
1.2
1.0
1.1
1.1
0.7
1.0
0.8
0.7
0.6
1.2
1.2
1.1
1.2
1.1
1.0
0.8
0.7
1.3
0.8
1.1
0.8
0.9
0.9
1.1
1.2
1.2
1.2
0.9
1.4
0.19

GroupSim
1.1
1.0
0.9
0.9
1.2
1.1
1.1
1.0
1.0
1.0
0.9
1.3
1.1
1.1
1.1
1.0
1.1
1.1
1.1
1.2
0.9
1.1
0.5
0.0
1.1
0.8
1.0
1.2
0.9
1.1
1.3
1.3
1.0
0.9
1.0
1.0
0.9
1.1
1.1
0.8
1.1
1.1
0.8
0.9
0.9
1.0
1.2
0.21

Multi-RELIEF
1.0
0.6
1.0
1.0
1.2
1.0
1.0
0.9
0.9
0.9
1.0
1.2
1.2
1.1
0.9
1.0
1.0
1.1
1.1
1.0
1.0
1.1
0.5
1.0
0.8
0.7
0.7
1.1
1.1
1.1
1.1
1.2
1.0
1.2
0.7
1.3
0.9
1.2
0.7
1.0
1.0
1.1
1.1
1.1
1.1
1.7
0.8
0.12

SDPpred
1.7
1.0
0.7
0.7
1.9
1.9
1.7
1.5
1.5
1.5
0.3
2.8
2.1
1.1
0.6
1.0
0.6
0.5
0.6
1.5
0.5
1.6
0.3
2.3
0.7
0.0
0.6
0.1
0.7
1.3
1.5
1.5
1.2
0.0
0.7
2.0
0.8
1.5
0.0
0.3
0.5
1.7
0.5
0.0
0.0
1.4
0.2
0.70

Table 2: The results of the normalized AUCs for each method. *The same FOG and gene, but with different
binding proteins
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