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Abstract

Various computational methods have been proposed for inference of protein-protein interactions
since protein-protein interaction plays an essential role in many cellular processes. One of well-
studied approaches is to infer protein-protein interactions based on domain-domain interactions.
To extend this approach, we proposed a method called LPNM to infer ratios of interactions, which
outperformed other existing methods in terms of error of predicted ratios. However, since the
LPNM method is based on the linear programming approach, it may require a large amount of
time to infer interactions for a large data set.

In this paper, we propose a simple method to infer the ratios of protein-protein interactions
based on the association method by Sprinzak et al. In an experiment with a data set of protein-
protein interactions in yeast, it runs more than 150 times as fast as the LPNM method, and achieves
almost the same accuracy.

On implementing algorithms for the inference problem, it is essential to understand how difficult
the problem is. Even though various methods for the problem have been already proposed, it has
not been analyzed rigorously from a computational point of view. We hence define a problem
to maximize correctly classified examples, and prove the problem is MAX SNP-hard, which also
means the problem is NP-hard.

Keywords: protein-protein interaction, association method, domain-domain interaction, MAX SNP-
hard

1 Introduction

As sequences for the whole genome of a considerable number of organisms have become available, many
researchers have paid attention to understanding functions of genes and proteins. Information about
protein-protein interaction is indispensable for understanding protein functions since protein-protein
interaction plays a fundamental role in many cellular processes such as regulation of transcription
and translation, signal transduction, and recognition of foreign molecules. To understand protein-
protein interaction comprehensively, large-scale two-hybrid systems have been developed for analyzing
protein-protein interactions in Saccharomyces cerevisiae (budding yeast) [10, 11, 21], and many un-
known interactions were observed in experiments with the systems. Unfortunately, two independent
experiments in [10, 11] and in [21] do not share many common interactions between proteins. The
results suggest that there remains much to be done for understanding protein-protein interactions.
One way to overcome this issue is a computational method for inferring protein-protein interactions
from various kinds of data.
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Several diverse computational approaches have been proposed for inference of protein-protein in-
teractions so far. For example, the gene fusion/Rosetta stone method finds pairs of proteins each
of which putatively interact if each of them is encoded separately as a distinct gene in an organism,
and they are fused in another organism [6, 16]. An algorithm was proposed that predicts interac-
tions between proteins with multiple source of data such as proteins evolved in a correlated fashion
and correlated messenger RNA expression patterns [17]. A probabilistic model was proposed to form
a network of protein-protein interactions based on probabilities of interactions (attractions and re-
pulsions) between domains [7]. Another probabilistic model called the hierarchical class model was
proposed to predict protein-protein interactions from information on protein classes [15]. Support
vector machine [3] was applied to inference of protein-protein interactions [2]. A prediction method
called MULTIPROSPECTOR was proposed based on a threading algorithm, and is able to identify
the residues that participate directly in an interaction between proteins [14].

Recently, some methods have been proposed for inferring domain-domain interactions (and/or
signature-signature interactions) from protein-protein interaction data. Information of domain-domain
interaction is favorable not only for more detailed understanding of protein-protein interactions but
also for inferring protein-protein interactions: a protein pair is expected to interact if a domain in a
protein interacts with a domain in the other protein. ¿From this observation, Sprinzak and Margalit
proposed a method called the association method for estimating the score for each domain pair [20].
One extension of the association method considers that interactions between domain combinations also
contribute to the interactions between proteins containing the domains [12]. A probabilistic model
and an algorithm were proposed to estimate parameters (probabilities of interacting two domains)
based on an EM (expectation-maximization) algorithm [5]. Note that these methods consider only
whether any protein pair interacts or not.

On the other hand, a data set of ratios of interaction between two proteins becomes accessible since
multiple experiments were performed recently for the same protein pairs in practice [10, 11, 21], and
the ratios can be more informative than binary data (whether two proteins interact or not). A data
set of the ratios is hereafter called a numerical data set for notational convenience. We introduced
a concept of strength of protein-protein interactions, which corresponded to the ratio, and proposed
a linear programming-based method (LPNM method) for inference of strengths of protein-protein
interactions [8]. It outperformed existing methods, that is, the EM method [5] and the association
method when they were applied to a numerical data set. However, since the LPNM method uses linear
programming to infer the strengths, it may require a large amount of time for a large data set.

We therefore propose a new method for numerical data set which runs much faster than the LPNM
method. It is an extension of the association method, which infers whether two proteins interact or
not based on domain-domain interactions. It runs more than 150 times as fast as the LPNM method,
and achieves almost the same accuracy in an experiment with a data set of protein-protein interactions
in yeast.

On implementing algorithms for the inference problem, it is essential to understand how difficult
the problem is. Even though various methods have been already proposed, all of them can be seen
as heuristics from an algorithmic point of view. This suggests that it should be difficult in nature
to minimize the errors of predicted strengths of protein-protein interactions. To verify the difficulty
of inferring the strengths, as the first step, we prove in this paper that the problem to maximize
correctly classified examples of protein-protein interactions is MAX SNP-hard. Although protein-
protein interactions have already been formalized with the Markov random fields [4, 13], on which
it is NP-hard to find the likelihood, our formalization of the problem and its proof take different
approaches. This new formalization may shed light on detailed computational analysis of protein-
protein interactions. Note that, if a problem is MAX SNP-hard, it is also NP-hard. For details of
MAX SNP, see [19, 22].
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Figure 1: Inference of protein-protein interactions through domain-domain interactions. In this case,
we infer that proteins P1 and P2 interact with each other since domains D2 and D4 interact with each
other.

2 Preliminaries

We briefly review the probabilistic model of protein-protein interactions [5] which we will follow in
this paper, and methods to infer interactions between proteins [20, 8]. We call this probabilistic model
the original probabilistic model for reference.

2.1 Probabilistic Model of Protein-Protein Interactions

Let P1, . . . , PN be proteins. We also use Pi to denote a set of domains in Pi. Let D1, . . . , DM be
domains in proteins P1, . . . , PN . For notational convenience, Pij and Dmn represent the protein pair
(Pi, Pj) and the domain pair (Dm, Dn) respectively. Let P be a multi set of protein pairs Pij . We also
use Pij to denote a set of domain pairs between Pi and Pj (i.e., Pij = {Dmn|Dm ∈ Pi, Dn ∈ Pj}).

In this probabilistic model, an interaction between Pi and Pj (one between Dm and Dn) is repre-
sented as a random variable Pij (Dmn). Pij takes 1 if Pi and Pj interact with each other, otherwise
Pij = 0. In the same manner, Dmn = 1 if Dm and Dn interact with each other, otherwise Dmn = 0.
This probabilistic model assumes that domain-domain interactions are independent and two proteins
interact if and only if at least one domain pairs from the two proteins interact (see Figure 1). Under
this assumption, the probability that Pi and Pj interact with each other is given by

Pr(Pij = 1) = 1 −
∏

Dmn∈Pij

(1 − λmn),

where λmn denotes the probability that Dm and Dn interact with each other (i.e., λmn = Pr(Dmn =
1)).

2.2 Association Method

The association method [20] is based on binary interaction data, and assigns a score to each domain
pair (Dm, Dn). Let Nmn be the number of protein pairs (in the training data set) containing domain
pairs (Dm, Dn). Let Imn be the number of interacting protein pairs (in the training data set) containing
domain pairs (Dm, Dn). The score (probability of interactions) for (Dm, Dn) is defined as

ASSOC(Dm, Dn) =
Imn

Nmn

.
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2.3 LPNM: LP-based Method for Numerical Interaction Data

The LPNM method [8] transforms the original probabilistic model into a set of linear constraints, and
finds parameters related to interactions between domains by minimizing an objective function. One
notable aspect of the LPNM method is that interactions between proteins are represented as ratios in
a numerical data set.

We set ρij to be the ratio of interactions between proteins Pi and Pj in a series of experiments,
that is,

ρij =
N(Pij)

Z
,

where N(Pij) is the number of times that the interaction between proteins Pi and Pj is observed in
the experiments, and Z is the total number of the experiments.

Since ρij is the ratio of interactions between Pi and Pj , we consider here to minimize the difference
between Pr(Pij = 1) and ρij , in other words, between the probability of observing an interaction in
the original probabilistic model and the ratio of the interactions observed in the experiments.

When Pr(Pij = 1) and ρij are equivalent, the following holds:

∑

Dmn∈Pij

ln(1 − λmn) = ln(1 − ρij).

For each Pij and any Dmn ∈ Pij , we can rewrite this equation with auxiliary variables γmn and βij :

∑

Dmn∈Pij

γmn = βij ,

where γmn = ln(1 − λmn) and βij = ln(1 − ρij). If we have γmn for any m and n satisfying the above
equations, we can obtain parameters for domain-domain interactions consistent with a numerical
interaction data set.

These equations, however, do not always hold. It is hence reasonable to try to minimize the
summation of the differences

∑

Pij∈P

∣
∣
∣
∣
∣
∣

∑

Dmn∈Pij

γmn − βij

∣
∣
∣
∣
∣
∣

.

We therefore use the following linear program to minimize the sum:

minimize
∑

Pij∈P

αij

subject to






∑

Dmn∈Pij

γmn − βij ≤ αij

βij −
∑

Dmn∈Pij

γmn ≤ αij

(for all Pij)

γmn ≤ 0 (for all γmn)
αij ≥ 0 (for all αij)

where each βij is a non-positive constant obtained from experiments of interactions of the protein pair
(Pi, Pj).

3 Simple Method for Numerical Interaction Data

We propose a new simple method for inferring the strength of protein-protein interactions, which we
call the ASNM method. This method is derived by extending the association method [20] (for binary
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interaction data) into one for numerical interaction data. The association method uses the number
of interacting protein pairs (Imn) to infer the score (probability of interaction) for (Dm, Dn). In the
ASNM method, we use the summation of the strengths (ρij) of interaction between Pi and Pj instead
of Imn, where the protein pair (Pi, Pj) includes the target domain pair (Dm, Dn). We then define the
score ASNM(Dm, Dn) for (Dm, Dn) as

ASNM(Dm, Dn) =
1

Nmn

∑

Pij :Dmn∈Pij

ρij.

Recall that Nmn is the number of protein pairs containing domain pairs (Dm, Dn). If the ratio ρij for
each protein pair (Pi, Pj) always takes either 0 or 1, ASNM(Dm, Dn) becomes equivalent to the score
ASSOC(Dm, Dn) in the association method because it holds that Imn =

∑

Pij :Dmn∈Pij
ρij.

4 Experimental Results

4.1 Data and Implementation

We compared the ASNM method with the LPNM method and the association method. For the
training and test data of strengths of protein-protein interactions, we used the full data of Ito’s Yeast
Interacting Proteins (YIP) database [10, 11]. The YIP database provides numerical interaction data
for pairs of proteins in terms of IST (Interaction Sequence Tag pairs).

For each protein in the database, we obtained its sequence data from the Swissprot/TrEMBL
database [1]. In order to derive domains from the sequences, we used InterProScan (version 3.1) [24] as
in [12, 20]. Though InterProScan identified not only protein domains but also protein signatures such
as functional sites and sequence motives, we used all domains and signatures because the signatures
may also play an important role in protein-protein interaction. As in [12, 20], InterPro signatures
in the same parent-child relationship were also merged into a single signature. The sequence and
signature pairs we used in the experiment are available from http://sunflower.kuicr.kyoto-u.ac.

jp/~morihiro/protint/supplement.html.

We used lp solve (version 4.0) on Linux for solving linear programs. The experiments were mostly
performed on a PC cluster with 8 Xeon 2.8 GHz processors, where only one CPU was used in all
experiments.

We evaluated the methods by root mean squared error (RMSE) between the predicted probability
Pr(Pij = 1) and the observed ratio ρij from the YIP database. Precisely, for a set P of protein pairs,

RMSE =

√
√
√
√

1

|P|
∑

Pij∈P

(Pr(Pij = 1) − ρij)2.

We used 1,586 interacting pairs of proteins, and employed five-fold cross validation. In addition, we
estimated the time complexity of each method by measuring the elapsed time.

4.2 Results

Table 1 shows the root mean squared errors for training and test data sets and the average elapsed
time for training data sets using ASNM, LPNM and the association method. Since we employed
five-fold cross validation and split the data set into five blocks, the k-th row means that the k-th block
among five blocks of the data is used as a test data set.

We see from the table that the errors of both ASNM and LPNM for test data sets are quite similar,
and much smaller than the association method. The average error of ASNM for test data sets are
slightly worse than that of LPNM, and that of LPNM for training data sets are quite smaller than that
of ASNM. This suggests that LPNM may overfit in this case. Errors for training data sets are smaller
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Table 1: Root mean squared errors and average training elapsed time for numerical interaction data.

ASNM LPNM ASSOC

Train Test Train Test Train Test

Error 1st 0.0365687 0.0408624 0.0103880 0.0312939 0.452380 0.315208
2nd 0.0381153 0.0480632 0.0145225 0.0329882 0.455613 0.308925
3rd 0.0429533 0.0471907 0.0143729 0.0347589 0.455444 0.290413
4th 0.0397846 0.0356935 0.0141168 0.0282775 0.453617 0.241639
5th 0.0424590 0.0306575 0.0140418 0.0266282 0.467038 0.227669

Average 0.0399762 0.0404935 0.0134884 0.0307893 0.456818 0.276771

Time (sec) 0.0077122 - 1.203068 - 0.0088252 -
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Figure 2: Elapsed time (log scale) for training in ASNM, LPNM and the association method. X-axis
shows the number of input data sets, pairs of proteins. Y-axis shows the logarithm of elapsed time.

than those for test data sets generally. However, the errors of the association method for training
data sets are larger than those for test data sets. It is considered because the errors are calculated
for their strengths, the association method uses just binary data (whether or not each pair of proteins
interacts), and does not use those strengths.

In the average time, it is seen that both ASNM and the association method are much faster than
the LPNM method. Figure 2 shows elapsed time of training for ASNM, LPNM and the association
method. It is seen from the figure that the elapsed times of ASNM and the association method are
much smaller than that of LPNM, and that of LPNM increases more steeply than those of ASNM and
the association method when the number of input data sets increases.

To see the distributions of errors for the methods, we plotted the number of proteins according
to the error between the ratio in the data set and predicted one in Figure 3. It shows the average
frequencies of probability errors of protein-protein interactions for the test data during the cross
validation by ASNM, LPNM and the association method respectively. It is seen also from this figure
that the ASNM method performs similarly as the LPNM method. Their errors were distributed around
zero, whereas the errors of the association method were distributed more widely. It is reasonable
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Figure 3: Distributions of probability errors for ASNM, LPNM and the association method. Y-axis
shows the number of interacting protein pairs for which the errors (between the predicted probabilities
and the observed probabilities) are within the specified range. The average numbers over 5 test data
sets are shown. We omit the range of frequencies between 30 and 270.

because the association method uses either 0 or 1 as probabilities of interactions instead of strengths
ρij in the ASNM method.

5 Hardness of Inferring Protein-Protein Interactions

In the previous section, we proposed a practical method of inferring numerical interaction data. In
this section, we consider complexity of an inference problem for binary interaction data. First, we
define the problem as a maximization problem.

Following the definition of the original model [5], we introduce a parameter Θ as a threshold
for predicting protein-protein interactions. With Θ, we predict protein-protein interactions by the
following rule:

Pi and Pj interact ⇐⇒ Pr(Pij = 1) = 1 −
∏

Dmn∈Pij

(1 − λmn) ≥ Θ.

Problem 1 (MAX PPI) Let Ppos and Pneg be a multi set of interacting protein pairs (Pi, Pj) and
a multi set of non-interacting protein pairs respectively. Let λmn denote the probability that domains
Dm and Dn interact. We consider two types of inequalities,

∏

Dmn∈Pij

(1 − λmn) ≤ 1 − Θ if a protein pair (Pi, Pj) is in Ppos,

∏

Dmn∈Pij

(1 − λmn) > 1 − Θ if a protein pair (Pi, Pj) is in Pneg.

Given Ppos, Pneg, and sets P1, . . . , PN of domains, find the parameters λmn and Θ to maximize
the number of the inequalities that are satisfied.
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We will show that MAX PPI is in the class of intractable problems called MAX SNP-hard. For a MAX
SNP-hard problem, it is impossible to approximate with an arbitrary ratio in polynomial time unless
P=NP. For proving the hardness of MAX PPI, it is sufficient to show that there is an L-reduction
from MAX 2SAT-B [19], known as a MAX SNP-complete problem, to MAX PPI. The L-reduction is
a very restricted form of transformation, and preserves approximability [19].

Problem 2 (MAX 2SAT-B) Consider a set I of m clauses C1, ..., Cm where each clause contains
up to two literals, over a set of Boolean variables x1, ..., xn. Given I, find a truth assignment that
maximizes the number of clauses evaluated true.

Definition 1 (L-reduction) Let Π and Π′ be two optimization problems. We say that Π L-reduces
to Π′ if there are two polynomial-time algorithms f , g, and constants α, β > 0 such that for each
instance I of Π:

(a) Algorithm f produces an instance I ′ = f(I) of Π′, such that the optima of I and I ′, OPT (I)
and OPT (I ′), respectively, satisfy OPT (I ′) ≤ αOPT (I).

(b) Given any solution of I ′ with cost c′, algorithm g produces a solution of I with cost c such that
|c − OPT (I)| ≤ β|c′ − OPT (I ′)|.

The following theorem concerning a property of MAX SNP class takes a key role in the proof of
the hardness of MAX PPI.

Theorem 1 ([19]) Every problem in MAX SNP can be approximated within some fixed ratio.

Theorem 2 MAX PPI is in MAX SNP-hard.

Proof In order to show there is an L-reduction from MAX-2SAT-B to MAX PPI, we will construct
algorithms f and g satisfying the conditions of L-reductions.

Consider a fixed instance I of MAX 2SAT-B, that is, I = C1 ∧ · · · ∧ Cm, where Ck = lk,1 ∨ lk,2,
and each of lk,1 and lk,2 denotes a literal, i.e., one of variables x1, ..., xn and their negations x1, ..., xn.
For this I, we prepare a set P of proteins s.t. P = {P1, . . . , Pm+n, Pm+n+1}, and the algorithm f
generates, as an instance I ′ of MAX PPI,

Ppos =
{

(P1, Pm+n+1), (P2, Pm+n+1), . . . , (Pm, Pm+n+1)
}

,

Pneg =
{

(Pm+1, Pm+n+1), . . . , (Pm+1, Pm+n+1)
︸ ︷︷ ︸

2B times

, (Pm+2, Pm+n+1), . . . , (Pm+2, Pm+n+1)
︸ ︷︷ ︸

2B times

, . . . ,

(Pm+n, Pm+n+1), . . . , (Pm+n, Pm+n+1)
︸ ︷︷ ︸

2B times

}

,

Pk =







{Dlk,1
, Dlk,2

} 1 ≤ k ≤ m,

{Dxk−m
, Dxk−m

} m + 1 ≤ k ≤ m + n,
{Dα} k = m + n + 1.

From Ppos and Pneg, we have the following inequalities:

(1 − λlk,1α)(1 − λlk,2α) ≤ 1 − Θ if (Pk, Pm+n+1) ∈ Ppos,

(1 − λxkα)(1 − λx̄kα) > 1 − Θ if (Pm+k, Pm+n+1) ∈ Pneg.

Note that we have 2B inequalities (1−λxkα)(1−λx̄kα) > 1−Θ for each protein pair (Pm+k, Pm+n+1)
in Pneg.
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Suppose that we have optimal values of λmn and Θ. To compare between the optima OPT (I) and
OPT (I ′), we assign a Boolean auxiliary variable θli for each literal li as follows:

θli =

{

true if 1 − λliα ≤
√

1 − Θ,
false otherwise.

The followings hold for k = 1, . . . ,m and k ′ = 1, . . . , n from the definition of θlk :

θlk,1
∨ θlk,2

if (1 − λlk,1α)(1 − λlk,2α) ≤ 1 − Θ,

θxk′
∧ θx̄k′

if (1 − λxk′α
)(1 − λx̄k′α

) > 1 − Θ.

For each literal li, the optimum solution of I ′ must satisfy 2B inequalities generated from Pneg because
λliαs appear at most B times in inequalities from Ppos. It follows that either θxi

or θx̄i
true. Then, m

clauses which consist of θxi
s from Ppos in I ′ become equivalent to m clauses of I. Therefore,

OPT (I ′) = OPT (I) + 2Bn, (1)

¿From the Theorem 1, OPT (I) has at least a constant fraction of m such that OPT (I) ≥ m/α1.
Since the number of variables is less than twice the number of clauses, it holds that n ≤ 2m and
n ≤ 2α1OPT (I). Substituting n of the equation (1) into this, we have

OPT (I ′) ≤ (1 + 4Bα1)OPT (I).

It follows that f satisfies the condition (a) in the definition of L-reduction with the constant α =
1 + 4Bα1.

Next, we show that the algorithm g we will construct satisfies the condition (b) in L-reduction.
Recall that, given the solution of I ′ with cost c′, the function g has to produce the solution of I with
cost c. In this case, given solutions of I and I ′, costs of I and I ′ correspond to the number of clauses
satisfied and the number of inequalities that hold, respectively. We can obtain truth assignments of
θxi

s from the solution of I ′ in the previous manner. g assigns either true or false to each xi on the
basis of both assignments of θxi

and θx̄i
. And for each i of xi and θxi

, we evaluate difference of costs
denoting ∆i when we replace θxi

and θx̄i
with xi and x̄i respectively. c − c′ =

∑n
i=1 ∆i.

(i) When θxi
= true and θx̄i

= true, g assigns true to xi (and false to x̄i). The cost c then decreases
by at most the number of appearances of x̄i, which is less than or equal to B. This results in
that ∆i ≥ −B.

(ii) When θxi
= true and θx̄i

= false, g assigns true to xi. Since, for each i, I ′ contains 2B inequalities
that hold of the form (1 − λxiα)(1 − λx̄iα) > 1 − Θ , then ∆i = −2B.

(iii) When θxi
= false and θx̄i

= true, g assigns false to xi. Similarly, ∆i = −2B.

(iv) When θxi
= false and θx̄i

= false, g assigns true to xi. Then, c increases by at most the
appearances of xi. It follows that ∆i ≥ 0.

Therefore,

c − c′ =
∑n

i=1 ∆i ≥ −2Bn

⇔ c ≥ c′ − 2Bn

⇔ c − OPT (I ′) ≥ c′ − 2Bn − OPT (I ′)

⇔ c − OPT (I) ≥ c′ − OPT (I ′) (from the equation (1))

⇔ |c − OPT (I)| ≤ |c′ − OPT (I ′)| (because c − OPT (I) ≤ 0)
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The condition (b) of the L-reduction is satisfied with β = 1. In consequence of the properties of f and
g, MAX PPI is MAX SNP-hard.

Theorem 2 implies directly that MAX PPI is NP-hard.

Incidentally, MAX PPI can be similar to a known NP-complete problem called the induction of
oblique decision trees (IODT) [9, 18] when we take another look at MAX PPI from a different point
of view. By taking logarithms of both sides of inequalities in MAX PPI, we have the following linear
inequalities,

∑

Dmn∈Pij

γmn ≤ β if (Pi, Pj) ∈ Ppos,

∑

Dmn∈Pij

γmn > β if (Pi, Pj) ∈ Pneg,

where γmn = ln (1 − λmn) and β = ln (1 − Θ). Let M ′ denote the number of all domain pairs, and
M ′ is set to M(M + 1)/2. For each protein pair (Pi, Pj), we construct a vector vij(∈ RM ′

) such that
each element of vij corresponding to a domain pair (Dm, Dn) is defined as

v
(mn)
ij =

{

1 if Dmn ∈ Pij ,
0 otherwise.

In this setting, MAX PPI is equivalent to a problem to find a hyperplane (γ, β) which splits examples
(vectors) into positive and negative ones such that the number of misclassified examples with γ is
minimized. The optimal hyperplane (γ, β) is described as

γ · v = β, (2)

where γ (∈ RM ′

) is a vector with γmn and v ∈ RM ′

.

On the other hand, IODT [9, 18] is defined in a similar manner, but the objective function e (called
the sum-minority measure) to be minimized is different. As we have seen, a hyperplane divides a set
of examples into two subsets, which we call X1 and X2, respectively. For brevity, let the number of
examples in Ppos (Pneg) in X1 be u1 (v1), and the number of examples in Ppos (Pneg) in X2 be u2 (v2).
Then, IODT is defined as, given a positive point set Ppos, a negative point set Pneg and a value k,
finding a hyperplane (γ, β) in eq. (2) such that e ≤ k, where e = min(u1, v1)+min(u2, v2). It is known
that the problem of determining if there is a hyperplane (γ, β) that satisfies e ≤ k is NP-complete [9].

There are two major differences between MAX PPI and IODT. One is constraints on parameters
in MAX PPI. That is, coefficients γmn = ln (1 − λmn) ≤ 0 and β = ln (1 − Θ) ≤ 0 of the hyperplane
in MAX PPI can take only non-positive values. By these constraints, the intractabilities of MAX
PPI may differ from that of IODT. Recall that MAX PPI is MAX SNP-hard as well as NP-hard, and
IODT is NP-complete.

The other difference is the scores of the objective functions. The objective function of IODT
may result in assigning the same label to all examples. We can suppose that γ · vij ≤ β holds for
any example vij in X1 without loss of generality. For simplicity, we consider here two dimensional
space and only one hyperplane (line) that splits examples for IODT. In Figure 4, each of two lines
(1) and (2) splits seven positive and two negative examples. Let ei (si) be the score of the objective
function of IODT (MAX PPI) with line (i). Recall that IODT uses the sum-minority measure e =
min(u1, v1)+min(u2, v2) and MAX PPI uses the sum s = v1 +u2 as the objective functions. We then
obtain e1 = min{4, 0} + min{3, 2} = 2, e2 = min{4, 1} + min{3, 1} = 2, s1 = 4 + 2, and s2 = 4 + 1. In
this example, IODT can choose one of the two lines. Moreover, the score of the sum-minority measure
is always 2 with any line in Figure 4, and IODT assigns positive labels to all examples with some
of the lines like lines (1) and (2), in other words, these lines do not contribute to the classification.
However, MAX PPI always chooses line (1) with the maximum score s1 = 6 among the two lines.
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(1)

(2)

X1 X1

e1=2
s1=6

e2=2
s2=5

Figure 4: Possible hyperplanes (lines) that split examples. The open circles belong to class Ppos and
the filled ones belong to class Pneg.

6 Conclusion

We have proposed a method called the ASNM method for inferring strengths of protein-protein in-
teractions based on the association method. We have validated its performance by comparing the
proposed method with the association method for binary interaction data and the LP-based method.
The ASNM method ran much faster than the LPNM method and it performed almost as accurately
as the LPNM method. In addition, the ASNM method did not overfit on the training data sets like
the LPNM method in the experiment.

We have defined a problem of maximizing the classification accuracy for interacting or non-
interacting pairs of proteins, and have proved that the problem is MAX SNP-hard. It is left as future
work to understand how difficult it is to minimize errors of strengths of protein-protein interactions.
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