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ABSTRACT ARTICLE HISTORY

In this paper, we introduce a novel nonsmooth optimization-based Received 17 January 2023
method LMBM-Kron¢oLS for solving large-scale pairwise interaction Accepted 3 November 2023
affinity prediction problems. The aim of LMBM-Kron¢yLS is to pro- KEYWORDS

duce accurate predictions using as sparse a model as possible. We Pairwise interaction affinities;
apply the least squares approach with Kronecker product kernels nonsmooth optimization;
for a loss function and a continuous formulation of £o pseudonorm multiobjective optimization;
for regularization. Thus, we end up solving a nonsmooth optimiza- machine learning; Kronecker
tion problem. In addition, we apply a specific bi-objective criterion product kernel methods;

to strike a balance between the prediction accuracy of the learned ~ generalized vec-trick;
model and the sparsity of the obtained solution. We compare LMBM- £o-penalization; limited
KronfoLS with some state-of-the-art methods using three bench- "M% blfr;)qle method;
mark and two simulated data sets under four distinct experimental ETgsrsei;Sc'gS(’)n!r;Z?é_shot
settings, including zero-shot learning. Moreover, both binary and leaming '

continuous interaction affinity labels are considered with LMBM-

Kron{oLS. The results show that LMBM-Kron¢yLS finds sparse solu-

tions without sacrificing too much in the prediction performance.

1. Introduction

Drugs can make specific changes to the pharmaceutical functions of target molecules
such as enzymes, ion channels, G protein-coupled receptors (GPCRs), and nuclear recep-
tors [47]. Learning to predict how a specific drug compound interacts with a certain
target protein is essential to drug discovery. While biochemical experiments for finding
drug-target interactions (DTI) require high human, material, and time investments, com-
putational methods can find potential drug-target pairs more efficiently [11,23,24,46,98].
There are more than 90 million candidate drug compounds recorded in various databases
like ChREMBL [59] and PubChem [95]. However, although e.g. PubChem contains around
35 million candidate drug compounds, only less than 7000 of them include target protein
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information [82]. Furthermore, out of approximately 20,000 proteins in the human pro-
teome, less than 3000 have been targeted by known drugs [51,89]. As a result, we need
to work with sparse data sets where interaction labels have been experimentally validated
only for a few drug-target pairs [20,32,79].

In this paper, we propose a method that allows learning sparse models for predict-
ing DTI. Following Airola et al. [1] we tackle the problem of learning a supervised
machine learning model from a labelled set of pairs. The pairs are constructed from
two component sets: one for a set of drugs X; € D and another for a set of target pro-
teins X; € 7, both having their own feature representations. The input data is formed
out of pairs x;, = (d;, t)), di € X and t; € Xy, associated with the label y;, representing
the known interaction affinity. Typically the same components appear in multiple pairs,
that is, (dy, t,), (dy, tw), (ds, ty), and (d,, t,) may all belong to the same training set. Our
goal is to learn to predict labels for new drugs and/or targets. Note that the new pair
x = (d, t) may or may not belong to drugs X; and targets X; observed during the training
phase.

According to Pahikkala et al. [74] and Chen et al. [20], using quantitative bioactivity
data and formulating the prediction problem as a regression problem instead of a standard
binary classification problem can lead to more realistic and reliable DTI prediction models.
Furthermore, we can divide pairwise prediction tasks into different experimental settings
based on the assumptions regarding the overlap between the training data and the new
pairs for which predictions are needed [74]. The four distinct settings can be defined as
[1,74,75,84]:

x € Slifandonlyifd € Xyand t € X;
x € S2ifand onlyifd € X butt ¢ X,
x € S3ifand onlyifd ¢ X, butt € X,
x € S4ifandonlyifd ¢ Xyand t ¢ X;.

Setting S4 is the most challenging setting called zero-shot learning [80]. It corresponds to
generalizing from a partially observed label matrix to predicting unknown labels for such
pairs where neither the component of the first set (drugs) nor the component of the second
set (targets) has a part in any input pair.

We develop a modified version of Kronecker product kernel regularized least squares
(KronRLS, also known as Kronecker ridge regression, see, e.g. [1,53,74]). The prediction
function learned by KronRLS, as well as other related kernel methods, is defined by a solu-
tion vector which contains a coefficient for each drug-target pair in the training set. The
solution vector produced by the original KronRLS is always dense and each drug-target
pair, which has non-zero coefficients in the solution vector, needs to be stored in memory
when making predictions for a new pair. The main contribution of this work is to intro-
duce a novel nonsmooth (not continuously differentiable, see, e.g. [8]) optimization based
approach for producing sparse, yet still accurate, solutions for the regression formulation of
the pairwise interaction affinity prediction problems under all four experimental settings
S1-54.

The most important reason to search for a sparse solution vector - that is, a vector with
only a few nonzero entries - is that it allows us to recognize the most essential drug-target
pairs in terms of capturing the true nature of the data while ignoring the redundant ones.
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In addition, the more zeros there are in the solution vector, the faster the prediction pro-
cess gets. This is due to the fact that in the prediction phase, the dominating costs are the
kernel matrix multiplications with the sparse dual coefficient vector [1]. In the proposed
method, the sparsity is enforced by replacing the Euclidean norm in the standard Kron-
RLS with a continuous formulation of the £ pseudonorm [36,40]. Note that basically the £,
pseudonorm simply counts the number of nonzero components of a vector. The resulting
objective function is both nonsmooth and nonconvex. We solve this problem by applying
an appropriately modified version of the limited memory bundle method (LMBM) intro-
duced by Karmitsa (née Haarala) et al. [43,44]. We utilize this method since it is one of
the few optimization algorithms capable of handling large dimensions, nonconvexity, and
nonsmoothness. In addition, it has already proved itself in solving other machine learn-
ing problems such as clustering [9,49] and missing value imputation [50]. To evaluate the
obtained solutions both with respect to prediction accuracy and the obtained sparsity level,
a bi-objective framework is utilized. Indeed, our numerical experiments demonstrate that
the proposed method, LMBM-Kron/¢,LS, allows us to bring a novel bi-objective approach
to large-scale pairwise interaction affinity prediction problems and to derive impressive
results.

The structure of the paper is as follows. An overview of the related work is given in
Section 2. Section 3 provides theoretical background on pairwise learning problems and
kernel methods including Kronecker product kernels. It also defines the continuous for-
mulation of £y pseudonorm and sparse solutions, and, finally, briefly recalls the basic idea
of the used optimization method LMBM. In Section 4, the LMBM-Kron{(LS algorithm
is introduced together with some implementational details. In Section 5, we evaluate the
performance of the new method by using both real-life DTI data sets and simulated
highly nonlinear pairwise data sets. In addition to solving the related pairwise interac-
tion affinity prediction problems as a realistic regression formulation, we consider a more
standard classification formulation to make the results more comparable with the previous
research. The obtained results are compared against the state-of-the-art methods Kron-
RLS and Kronecker support vector machine (KronSVM) [1,73]. Python implementations
of the algorithms (including F2PY interface for the LMBM-Kron{,LS algorithm) and tests
described in this paper can be found at https://github.com/pavetsul4/LMBM-KronLOLS.
In Section 5, we will also show that LMBM-Kron{(LS can find much sparser solutions
than the competing methods without sacrificing too much in the prediction performance.
Finally, Section 6 concludes the paper.

The acronyms and notations used throughout the paper are listed in Table 1.

2. Related work

The DTI prediction problem has been studied broadly in the past. Computational methods
can be roughly divided into three classes: ligand-based approaches, docking simulation,
and chemogenomic approaches. Ligand-based methods like quantitative structure-activity
relationship (e.g. [19,26]) utilize the idea that similar molecules usually bind to simi-
lar proteins and, thus, predict interactions by comparing a new ligand with the known
protein ligands. A severe disadvantage with ligand-based methods is that they perform
poorly when the number of known ligands is insufficient [20]. In its turn, docking sim-
ulation (e.g. [60]) is a widely used approach in biology. It is a computational technique
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Table 1. Acronyms and notations.

DTI drug-target interactions

GPCR G protein-coupled receptor

GVT generalized vec-trick

a concordance index

S1-54 experimental settings

RLS regularized least squares

KronRLS Kronecker product kernel regularized least squares
KronSVM Kronecker support vector machine

LMBM limited memory bundle method

LMBM-Kron£oLS
ESP

the proposed method
early stopping procedure

MO1, MO2 main objectives

SP1,SP2 starting point procedures

D, T spaces of drugs and targets

X space of drug-target pairs

Yy label space

H hypothesis space (e.g. reproducing kernel Hilbert space)
Xa, Xt sets of observed drugs and targets, Xy € D, X; € T

d,t drugs and targets

x drug-target pairs, x, = (dj, t))

y labels, label yj, is assosiated with pair x;,

P predicted labels

a dual coefficient (variable)

N number of pairs in training set

M, Q numbers of unique drugs and targets

f prediction function

L loss function

C penalty function

rop regularization parameters

AU Kronecker product of matrices A and U

kp, kT kernel functions

kpT pairwise kernel function (also Kronecker product kernel)
K,D, T kernel matrices

r,s index sequences

RS index matrices

k (maximum) number of non-zero elements, k € [1,...,N]
J objective function (for optimization)

dJ(a) Clarke subdifferential of J at a

llall2, llall1, lallo, llallm

[n]

subgradient, & € 3J(a)
Euclidean norm, £;-norm, £o-pseudonorm, and £,-norm
indexset{1,...,n}(n € N)

used to predict how two molecules, typically a small molecule (ligand) and a larger tar-
get molecule (protein), interact and bind to each other. The simulation attempts to predict
the most favourable binding pose or orientation of the ligand within the protein’s binding
site. Nevertheless, docking simulation suffers from serious drawbacks related to the avail-
ability of the three-dimensional structures of targets and the applicability to large-scale
computations; especially in terms of computational time [32].

Chemogenomic approaches refer to methods that combine chemical and genomic
data to study the interactions between drugs and their target proteins. These approaches
utilize large-scale data on chemical compounds and genetic information to uncover
connections between specific drugs and target proteins and to predict potential DTIs.
Indeed, chemogenomic approaches have been applied successfully on large-scale DTI
prediction problems, for instance, in [26,101,103]. Integrating both chemical space
of drugs and genomic space of target proteins into a unified pharmacological space
allows these methods to utilize the abundant biological data. Chemogenomic approaches
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partition into different categories, such as machine learning-based methods (see, e.g.
[1,16,17,30,33,34,37,52,53,56-58,66,67,76,85,86,90,100,102,106,108]) and network-based
methods (see, e.g. [21,22,25,96,99,105,107]). From these methods, machine learning-based
methods have gained the most attention due to their reliable prediction results. In addition,
the possibilities of predicting DTTs via neural network structures and deep learning have
been studied with some successes recently (e.g. [6,11,54,55,71,78,79,94,109]).

A specific case of chemogenomic machine learning approaches is KronRLS, where all
pairs of drugs and targets are combined into one to make a Kronecker product. This
approach gives a notable decrease in elapsed computational time compared to other meth-
ods. Indeed, the three top-performing methods in the IDG-DREAM Drug-Kinase Binding
Prediction Challenge! [27] were an ensemble of KronRLS models, a multitask graph con-
volutional network-based method, and the XGBoost algorithm. In addition, KronRLS
performs similarly to the recently proposed deep learning-based MDeePred method [78].
In this work, we extend the generalized vec trick based KronRLS training method [1] by
combining it with £y pseudonorm regularization in order to produce sparse solutions.

Optimization is at the core of machine learning. Although it is a well-known fact that
many machine learning problems lead to solving nonsmooth optimization problems (e.g.
hinge-loss, lasso, and ReLU), the nonsmooth optimization methods are scarcely used in
the machine learning society. The common practice is to minimize nonsmooth functions
by ignoring the nonsmoothness and applying a popular and simple smooth solver (like
the Newton method) or by applying some smoothing techniques to these functions. How-
ever, algorithms based on these approaches may become inaccurate once the size of the
data and, thus, the number of smoothing parameters, increases. The welcome exceptions
for these approaches are given, for instance, in [41,42], where abs-linear forms of predic-
tion tasks are solved via successive piecewise linearization method, in [9,10,48,49], where
nonsmooth formulations of clustering and regression problems are solved with various
nonsmooth optimization methods, and in [3-5,35], where nonsmooth optimization is
applied in classification and separation tasks.

3. Background

In this section, we provide the theoretical background on pairwise learning problems and
kernel methods and describe the used performance measure. In addition, we give a con-
tinuous formulation of the £y pseudonorm and define sparse solutions. Finally, we briefly
recall the basic ideas of LMBM.

3.1. Pairwise learning problem

Let D and 7 be the spaces of drugs and targets, respectively. Then, all the possible drug
and target pairs are given by the Cartesian product X = D x 7. Further, the label space is
denoted by )V, where )V = R for regression and ) = {0, 1} for classification problems. In
pairwise learning, the training set consists of a set of pairs (xp, yh)ﬁlzl e (D xT x YN,
Let Xy = {di}f\il Cc D and X; = {tj}jQ=1 C 7T denote the sets of components (drugs and
targets) appearing in the training set as a part of at least one pair. Here, constants M and Q
define the numbers of unique components connected to the training pairs.
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Our goal is to learn a prediction function f : D x 7 — ) from the training set, such
that f can correctly predict the labels for a new pair (d,t) € D x 7. As mentioned in the
introduction, the new pair (d, f) may or may not belong to the observed drugs X; and
targets X;.

To learn the prediction function, we consider the regularized empirical risk minimiza-
tion problem

f* = argmin L(p, y) + 1C(f), (1)
feH

where p € RN are the predicted and y € RN the correct outputs, £ is a convex non-
negative loss function typically chosen as a norm, A > 0 is a regularization parameter and
C is a penalty function. The standard formulation of problem (1) is called regularized least
squares (RLS) or ridge regression. It is obtained by choosing the reproducing kernel Hilbert
space (RKHS) as the hypothesis space H, a squared loss to loss function £, and a Euclidean
norm for penalty C [70,77,91].

3.2. Kernel methods and Kronecker product

Kernel methods are among the most widely used approaches in machine learning due to
their applicability and strong foundations in statistical learning theory [1]. The methods
represent the data using positive semi-definite kernel functions [1,45]. A major advantage
of the kernel-based methods is that they provide a principled framework in which many
types of data sources can be integrated [97]. Therefore, we follow works like [1,12,13,80,93]
and assume that the feature representation of a drug-target pair is defined as the prod-
uct of the drug and target kernels, respectively, resulting in the Kronecker product kernel.
The Kronecker product kernel can be motivated as the simplest kernel that models actual
pairwise interactions in drug and target features [91]. In addition, the Kronecker prod-
uct kernel is a universal kernel if the drug and target kernels are universal (e.g. Gaussian
kernels) [87,93]. This signifies that training Kronecker product kernel-based learning algo-
rithms (e.g. ridge regression and SVM) is universally consistent allowing learning complex
non-linear relations.

To define a kernel learning problem, let kp.7 : (D x 7) x (D x 7) — R be a posi-
tive semidefinite pairwise kernel function. By choosing RKHS associated with kp 7 as the
hypothesis space 'H, the generalized representer theorem [83] implies that the minimizing
function f can be given as [72,91]:

N
fd6) =" ankp 1 ((dy t), (d, 1)),
h=1

where a € RY is the vector of dual coefficients.

Letkp: D x D — Rand ks : 7 x 7 — R denote positive semidefinite kernel func-
tions defined for the components d and ¢. The Kronecker product kernel is defined as the
product of these two base kernels. That is,

kpr(d,t.d,t') =kp(d d)kr(t,t).
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Next, we will define the Kronecker product and some index matrices, which allow us to
utilize a computational shortcut called the generalized vec-trick (GVT) [1]. GVT gener-
alizes Roth’s column lemma [81] (also known as vec-trick) for incomplete training data
(i.e. for data where all interactions are not known) and it allows us to form the Kronecker
product kernel matrix implicitly. GVT takes advantage of the sparsity of training labels and
its usage leads both to computationally efficient training and test phases (see Theorem 3.4
below).

Definition 3.1 (Kronecker product): Let A € R**b and U € R**¥ be matrices, then the
Kronecker product A ® U is the ua x vb block matrix:

all u --- albU
AQU=| 1 ..
anU -+ anpU
Definition 3.2 (Index matrix [1]): Let A € R**? be a matrix and let s = (s1,...,5:) €
[a] be a sequence of ¢ row indices of A ([a] denotes the index set {1, ..., a}). We say that
e
S=1|:1,
eT

is a row indexing matrix for A determined by s. Here e; is the ith standard basis vector of
R?. The column indexing matrix is defined analogously.

Definition 3.3 (Kronecker product index matrix [1]): Let A € Rt U € R be
matrices and let § be an index matrix for Kronecker product A ® U. Then, S can be
expressed as

T
€b1—1yutv
S= : ,
T
€ (be—1utve

where b= (by,...,b.)T € [a]and v = (v1,...,v)T € [u] are sequences of row indices
of A and U, respectively. The entries of b and v are given as

b=1G—1D/u]+1, v=(>G—1)modu+1, (2)

where i € [au] denotes a row index of A® U, and b € [a] and v € [u] map to the
corresponding rows in A and U, respectively. The column indexing matrix is defined
analogously.

Theorem 3.4 (Speed up with GVT [1]): Let A € Rt U € R¥* be matrices and let
R € {0,1}°%% and C € {0,1}**"" be the row and column index matrices for Kronecker
product A ® U, such that R is determined by the sequences b = (b, .. ., bo)T € [a]¢ and
v=1...,v)T € [u],and Cbyw = (wy,... cwa)l e [bldandt = (f,...,t5)7 € [v]2
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In addition, assume that sequences b, v, w, and t, when considered as mappings, are
surjective. Let z € R¥. Then, the product

R(A® U)C'z 3)

can be computed in O(min(ad + vc, ud + bc)) time using a sparse Kronecker product
multiplication algorithm known as GVT.

In our application, the training set consists of a sequence of labelled pairs (xy, yh)ﬁ]:l =
(drh,tsh,yh)g:1 e (D xT x V)N, wherer = (r1,...,r8)T € [IM]N ands = (s1,...,5n)7
€ [Q]N are the index sequences mapping the training pairs to their corresponding compo-
nents. According to Definitions 1 and 2, Kronecker product index matrix R € {0, 1}V*MQ
can be determined by using these sequences r and s. In addition, let D;; = kp(d;, d;) and
T;j = k7 (t;,tj) denote the component kernel matrices for the training data. Then (cf.
Equation (3))

K = R(T ® D)RT

is the Kronecker product kernel matrix containing the kernel evaluations corresponding
to the training pairs. Note that Kronecker product kernel matrix K is not formed explicitly
in our computations but GVT is used instead.

Kronecker product kernel matrix K can be used to train Kronecker product kernel
methods by plugging it into any existing kernel machine solver. Previously Van Laarhoven
et al. [53] showed that a special case of the ordinary RLS model, namely KronRLS, can pro-
duce state-of-the-art results for DTT prediction, whereas Airola and Pahikkala et al. [1,74]
proposed GVT strategy for more efficient training in KronRLS, and showed that, espe-
cially in the zero-shot learning setting S4, Kronecker product kernel methods outperform
a variety of baseline methods.

Briefly, given a kernel matrix of the pairs K and their real-valued interaction affin-
ity labels yj, we formulate the problem of learning a prediction function f as finding a
minimizer of the following (dual) objective function with respect to dual variable a € R™:

N
Jris(@) =Y (o — pw)* + Aa'Ka), (4)
i=h

where p = Ka, a’Ka is the squared norm of f in the matrix form, and A > 0 is a user-
provided regularization parameter determining a compromise between the prediction
error and the model complexity [1,74].

In addition to the real-valued interaction affinity labels, we consider the binarized inter-
action labels. KronRLS is, of course, a valid model to be applied in both cases but, when
predicting binarized class labels, the KronSVM method should also be considered in order
to compare with state-of-the-art methodologies in both situations. In the case of KronSVM,
we minimize the objective function

N

Jsvm(a) =y max{0,1— pyyy} + A(a"Ka) (5)
h=1

with respect to dual variable a € RY. Note that here yn € {—1,1}.
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3.3. Concordance index

Concordance index (CI) [38] is an evaluation metric that can be used for measuring the
prediction accuracy of a learned model. CI is a rank-based performance measure that is
defined as the probability that the predictions for two sample points are in the same order as
their real labels. CI is an especially convenient performance metric when it is more impor-
tant to predict the relative order of labels than their exact values: for instance, ranking the
drugs according to their increased likelihood of interacting with a given target. In the case
of binary interaction labels, CI is equal to the widely used metric area under the receiver
operating characteristic curve [74].

3.4. o pseudonorm and sparse solutions

Our goal is to create a learning algorithm that produces accurate predictions using as sparse
a model as possible. Thus, instead of using Euclidean norm as a regularizer like in the
standard KronRLS method, we propose taking advantage of the continuous formulation
of the £ pseudonorm [36,40].

The £ pseudonorm ||al|p simply counts the number of nonzero components of a vector
a. Therefore, it allows us to control the number of nonzero components of the variable
vector (either in the original feature space or upon appropriate kernel transformation)
determining the regression curve. Optimization problems that seek sparsity of solutions
have recently received broad attention [40]. They can be used, for example, to select a subset
of informative variables in regression analysis (see, e.g. [2,14,64,65]).

The sparsity of the solution is enforced by introducing a constraint on the ¢
pseudonorm, thus, defining a cardinality-constraint optimization problem [40]:

{miniamize L(p,y) (6)

subjectto [lallo <k,

with a parameter k € [1, ..., N] defining the number of elements we allow to be nonzero.
Due to the nonconvexity and discontinuity of the £y pseudonorm, the optimization prob-
lem (6) is known to be NP-hard [68]. Therefore, the £y pseudonorm in (6) is often replaced
with its tight convex relaxation - the £; norm [70].

In this work, we tackle problem (6) in a different way. We rely on the class of polyhedral
k-norms ||al| 1), defined as the sum of the k largest components of the vector a. The fact that
k-norms are intermediate between ¢; and £, allows us to derive the following equivalence:

lallo <k <= llalli — llalx = 0.

It is noteworthy that the cardinality-constraint in (6) is defined by a discontinuous function
whereas the exact reformulation |la|l; — [|a||[x] is a continuous function, although both
describe the same feasible set [36,40].

In practice, we transfer the cardinality-constrained problem (6) into minimizing an
objective function consisting of a loss function and a penalty term [40]:

minimize  £(p,y) + p(llal — lall) (7)
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with the penalty parameter p > 0. It is worth noting that [|a||; — [|a|/[x) > Oforalla RN
and, thus, we may view formulation (7) as a penalty function formulation of problem (6). In
addition, formulation (7) can be viewed as one of the nonconvex regularization methods,
which are recently attracting attention (e.g. [39]). However, to our knowledge, this is the
first time the extension of the k-norm approach has been applied to a regression problem
utilizing kernel transformations.

3.5. Limited memory bundle method

Since the objective function of problem (7) is both nonsmooth and nonconvex, a closed-
form solution cannot be determined like in the standard KronRLS. Due to the fact that
LMBM [43,44] is developed for solving general nonconvex large-scale nonsmooth opti-
mization problems, we modify and use it to solve optimization problem (7). Before going
to any further details of the method, we point out that for a nonsmooth function J the
gradient VJ(a) does not need to exist for all a. Thus, we need to generalize the notion of
gradient [8,29]:

Definition 3.5: The Clarke’s subdifferential 3](a) of a locally Lipschitz continuous func-
tionJ : RN — R ata point a € RY is given by

3 (a) = conv{ lim VJ(a') | @ — aand VJ(a') exists},
1—> 00
where ‘conv’ denotes the convex hull of a set.

Each vector & € 8] (a) is called a subgradient and the point a* € RV is stationary, if 0 €
8] (a*). Note that stationarity is a necessary condition for local optimality [8].

A simplified flowchart of LMBM is given in Figure 1. LMBM exploits the ideas of the
variable metric bundle method [92] by utilizing null steps, simple aggregation of subgradi-
ents, and subgradient locality measures. The usage of null steps gives further information
about the nonsmooth objective in situations when the search direction does not satisfy the
criterion for a serious step (see Figure 1). In its turn, the aggregation procedure gives a pos-
sibility to retain the global convergence without solving the rather complicated quadratic
direction finding subproblem appearing in the standard bundle methods (see, e.g. [7]).
Instead, LMBM uses the subgradient locality measures and the convex combination of at
most three previously computed subgradients to form a new aggregate subgradient. The
subgradient locality measure generalizes the classical linearization error for nonconvex
functions and hence offers a way to approximate how much the subgradient calculated
at a trial point (apew in Figure 1) deviates from being a member of the subdifferential of
the current iteration point (a in Figure 1)[43,44].

LMBM calculates the search direction with a limited memory approach [18]. In con-
trast to the variable metric bundle method, LMBM avoids storing and manipulating large
matrices since it uses only a few correction vectors to represent the limited memory vari-
able metric updates. As a result, the number of operations needed for the calculation of
the search direction and the aggregate values is only linearly dependent on the number of
variables which makes LMBM suitable for large-scale optimization. Especially, there is no
time-consuming quadratic direction finding subproblem and the size of the bundle is not
dependent on the dimension of the problem (cf. standard bundle methods) [43,44].



OPTIMIZATION METHODS & SOFTWARE . 1

Yes

Initialization: Direction finding:
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Figure 1. LMBM. Here, matrix G denotes the inverse variable metric approximation of the Hessian and
vector £299 is an aggregate subgradient.

For all locally Lipschitz continuous and upper semismooth objective functions, with
the objective function value and an arbitrary subgradient available at every point, LMBM
is guaranteed to converge globally [44].

4. LMBM-Kron{oLS

Next, we propose a new nonsmooth optimization-based method LMBM-Kron¢(yLS to
solve large-scale pairwise interaction affinity prediction problems. We aim to learn a
model from a database of known drugs, targets, and their observed interactions and to
use it to predict how new previously unseen drug-target pairs interact. The training phase
corresponds to an iterative reduction of the objective function value J(a) defined as a com-
bination of the loss function part of the Equation (4) and part conveying the penalized
regularization ideology in (7). That is,

J (@) = lly —pl5 + pllal: — llallx), (8)

where p = f(d,t) = Ka,k € Z,,and p > 0.

4.1. Algorithm

The execution of the proposed algorithm varies a little bit depending on the main objective
and the starting point procedure choices (MO1, MO2, SP1, and SP2, see Subsections 4.1.1
and 4.1.2, respectively). However, the fundamental idea of LMBM-Kron{(LS is to repeat-
edly apply LMBM for searching a dual vector a that minimizes the objective function (8)
with different values of hyperparameters k and p given in Subsection 4.1.5. In order to
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Q@best = dsol asmall=@last

t |

Figure 2. LMBM-Kron¢oLS method. Criteria values are calculated with formula (9) and the subscripts
denote the dual vectors that were used, e.g. Cristart = Cri(astart)-

choose the best possible solution with respect to the selected main objective, a bi-objective
optimization approach (see Subsection 4.1.3) and a separate validation data are used. In
addition, the test for the desired accuracy in original LMBM (see Figure 1) is replaced with
an early stopping procedure (ESP) to be described in Subsection 4.1.4. The flowchart of the
algorithm is presented in Figure 2. We will next go trough the main parts of the algorithm.

4.1.1. Main objectives

In order to solve the pairwise interaction affinity prediction problem, the user first needs
to choose the main objective. The main objective determines whether the goals of good
prediction performance and sparsity of the solution are equally important or whether one
is considered more important than the other. The main objectives are referred to as MO1
and MO2 according to the following definitions.

MOI1 Maintaining satisfactory prediction accuracy with respect to a non-sparse reference
solution is a primary goal and adding sparsity is only a secondary goal.

MO2 The sparsity of a solution and the prediction performance are equally important
goals.

Both MO1 and MO2 aim to find accurate predictions using as sparse solution vectors as
possible. This is done by applying the bi-objective criterion (see Subsection 4.1.3) to the
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solution returned by the optimization algorithm LMBM. In the case of MO2, we just min-
imize the criterion. In the case of MO1, the idea is to induce as sparse a solution as possible
while staying at a close range from the reference solution’s prediction accuracy. Thus, we
add an extra constraint into the bi-objective criterion ensuring that the CI obtained with
LMBM-Kron¢yLS (wrt. validation data) is not decreasing too much from the one obtained
with the reference method. To increase the probability of finding such solutions, the non-
sparse reference solution ay.f is used as an initial dual vector gyt in LMBM-KronyLS
with MOI. Even though the accuracy of the prediction and sparsity of the solution vec-
tor are conflicting objectives, it is possible to find a clearly better sparsity level with just
a small deterioration in prediction accuracy. Since the reference method is not used (or
needed) with MO2, the initial dual vector g, is set equal to the vector of ones instead of
the solution obtained with the reference method.

4.1.2. Starting point procedure

In addition to main objective, the starting point procedure SP1 or SP2 needs to be selected.
The starting point procedure determines the dual vectors used as starting points in the
iterative optimization algorithm LMBM. Since the cardinality constraint of problem (6)
is placed in the objective function as an exterior penalty function, the original problem -
attached to the fixed sparsity desire k - is transformed into a sequence of unconstrained
problems (7) (or (8) in our specific case). This allows us to generate a sequence of infea-
sible solution points whose limit is an approximate solution of the original constrained
problem (6) [88]. It is a common practice that when solving a sequence of problems with
successively increasing penalty parameter p, the optimal point of a subproblem becomes
the starting point for the following subproblem. This kind of approach is adopted in the
first starting point inheritance procedure SP1, where the latest solution ay,g is always the
starting point of the next iteration. Note that this includes the cases where the sparsity
parameter k increases.

The second inheritance procedure for starting points SP2 is generated especially for
the cases where SP1 fails. The fundamental idea behind SP2 is to push the learning process
towards a sparse solution. In practice, the last dual vector obtained while solving optimiza-
tion problems related to the smallest considered k value agy, is used as a starting point
each time after increasing the value of k. This is particularly useful under setting S4, where
the training set is disjoint from both test and validation sets. In this case, it is unlikely that
the model benefits from incorporating the maximum amount of training data information
into the model (note that each dual variable relates to one training data sample). Instead,
using the information of only a few most relevant dual variables may be profitable.

4.1.3. Bi-objective criteria

In the best possible scenario, we could learn a light and sparse model without losing any-
thing from the prediction accuracy of a dense model. In practice, there is, on the one
hand, a good prediction performance of the model, but on the other hand, computational
efficiency, needed storage space, and (at least to some extent) interpretability. In order to
compare the ‘goodness’ of a dual vector a both in terms of prediction accuracy and acquired
level of sparsity, a bi-objective criterion is needed. Our approach relies on a multiobjective
framework (see, e.g. [63]) and searches for a dual vector whose prediction performance
and sparsity level are as similar to the ideal values as possible. The prediction performance
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is measured with CI and sparsity is measured as the number of nonzero elements (nz) in
the dual vector, that is, a number of elements with an absolute value smaller than a given
small threshold value, 10~ in our case.
We calculate the bi-objective criteria as
|CI (a) — Cligeall |nz (a) — nzigeall

cri(a) = + 9)
|ClLigeal — Clworst! [nZideal — NZworst|

for a dual vector a, where the ideal values correspond to a perfect predictor (Cliges = 1)
and the sparsest possible dual vector (#zjqea] = 2) Whereas the worst values correspond
to a random predictor (Clyorst = 0.5) and the least sparse dual vector (nzyorst = N). The
denominators are the ranges within which the values of CI and nz can vary. This kind of
scaling guarantees that the relative changes in both objectives have an equal impact on the
obtained criteria value.

In addition to measuring the goodness of the dual vector ag,) that is returned by the
optimization algorithm LMBM (see the boxes ‘Current solution’ and ‘Update the solution’
in Figure 2), the bi-objective criterion value is used inside LMBM as a terminating condi-
tion instead of the prediction accuracy (see the diamond ‘Desired accuracy?” in Figure 1)
together with ESP.

4.1.4. Early stopping procedure

For the optimization method LMBM, the objective function value with respect to training
data is a non-increasing function of the iteration index. However, with respect to indepen-
dent validation data, the measured error often decreases at first and then increases as the
model starts to overfit. Therefore, it would be good to stop the training at the point with
the smallest validation error. This is what ESP does. Standard ESP bases on the validation
error (see, e.g. [15]). However, due to the bi-objective nature of our learning problem, we
need to monitor the progress of the criteria value criegp (see, Figure 2 and Subsection 4.1.3)
instead of the validation error in order to make ESP fit to our problem. The optimization
process related to a pair of hyperparameters (k, p) continues until the criteria value criesp
has not improved on a sufficient number of iterations. In practise, we fix the number of iter-
ations which indicates that a better solution is unlikely to emerge even if we continued the
optimization procedure. Namely, if LMBM loops 200 iterations without any improvement
on criesp value for the validation data, we stop. Naturally, one can modify the parameter
values applied in this work.

Utilizing ESP helps us to obtain a good generalization performance. In addition, apply-
ing ESP is simple and reduces the computational demand as the training does not have to
be completed. Despite ‘terminating’ the optimization process, it can be concluded that early
stopping allows all relevant parameters to become the effective model parameters since the
parameters’ convergence speed is related to their importance [15,69,104].

The approach of inheriting previous solution vectors to the starting points for LMBM
causes a need for another modification. If we activated ESP right from the first iteration
of LMBM, we would most likely terminate the solution process way too early, especially
with a larger penalization parameter p. The reason for this is that, with a high probabil-
ity, a solution point of the previous learning problem (with hyperparameter pair (k, p)) is
very near to a local minimum of the next learning problem (say with hyperparameter pair
(k, p")). Therefore, better cries, values are not likely to be found at the neighbourhood of
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this starting point, and that is why we activate ESP only after a fixed number of iterations
in LMBM are completed. In practice, we force LMBM to loop 50 iterations before it starts
to monitor the progress of ESP.

4.1.5. Hyperparameter tuning

As mentioned before, there are two model parameters in the LMBM-Kron{(LS method: k
refers to the number of the elements of the dual vector a permitted to have nonzero values
while p refers to the value of the penalization parameter representing the importance of
satisfying the cardinality constraint related to the £y pseudonorm penalization term.

It is impossible to scan through the whole parameter space of all possible k and p values.
Instead, representative subsets of possible parameter values are taken into consideration.
Possible values of k are determined by a step size kep given by the user. As our goal is
to find as sparse a solution as possible with a satisfactory prediction accuracy, it makes
sense to start from the strongest sparsity desire: k = 2. Hence, the outer iteration loop of
the algorithm iterates through values k = 2,2 + kstep, 2 + 2kstep> 2 + 3kstep, - - - until the
terminating condition is satisfied. The choice of step size needs to be balanced between
making sure that we do not jump over any promising value of k and having a reasonable
runtime. The larger the step size, the fewer distinct values of k are explored. On the other
hand, the smaller the step size, the longer running times can be expected, and sometimes
a larger step size not only finds a solution faster but can also lead to a much better solution
(in terms of criteria value).

In addition to the step size kstep, the user provides the list of alternative values of p to
the method as input. For each considered value of k, all possible values of p are taken into
account via the inner iteration loop. Symbol |p| in Figure 2 represents the length of this
listandj=1,...,]|p| is an index. According to [36] small p values may lead to significant
violations of the penalized cardinality constraint at the optimum of the problem and, on the
other hand, large values may result in trivial solutions (@ = 0). Constructing an appropriate
list of values for p is a complex task since the targeted properties are partly contradictory.
Nevertheless, adding only one new value to the p list can have quite a significant effect on
the obtained result if the insertion is done by changing either one of the p list’s extremes.
There are a couple of logical guidelines to keep in mind when considering the insertion of
the new smallest or largest p list value:

(1) decreasing the largest value in the p list makes it less likely to inherit forward a solution
with a high sparsity level and poor prediction accuracy;

(2) decreasing the smallest value in the p list makes it more likely to find a solution with
satisfactory prediction accuracy.

The LMBM-Kron{(LS algorithm either iterates through the entire list of given p values
or stops as a termination criterion is satisfied earlier. That is, either the £y, pseudonorm
is not active anymore — meaning that the desired maximum amount of nonzero elements
in a dual vector is reached - or, in the case of MO, the generalization performance is no
longer good enough (see Figure 2). When we move out of the inner iteration loop, k is
increased with a given step size kstep. The execution of the algorithm stops if the current
best solution contains fewer nonzero elements than the current or the next value of k would



16 (&) P.PAASIVIRTAETAL.

desire. In other words, if ki, < k. Note that the upper limit kj;y, is not fixed but depends
on the number of nonzero components in the best solution found so far.

4.2. Implementation

The developed LMBM-KronfoLS method is run as a Python program. However, the opti-
mization routine LMBM operates in Fortran95. Therefore, we used an F2PY interface
generator to incorporate the Fortran95 program inside the Python program. The most vital
reason for applying Fortran95 implementation of LMBM is that LMBM consists mainly of
simple arithmetic operations, which are executed most effectively in low-level libraries.

Following Airola et al. [1] we use GVT as a basic building block for developing a com-
putationally efficient Kronecker product kernel method. The usage of GVT allows us to
form the Kronecker product kernel matrix implicitly. This is a massive advantage since
typically the runtime - and in many cases also the memory use — of kernel solvers grow
at least quadratically with respect to the number of sample points. This makes the explicit
definition of kernel matrix often not feasible in practice.

Computational costs for iterative Kronecker product kernel method training depend
both on the cost of a single iteration and the number of iterations needed to reach a good
solution. The cost of a single iteration is dominated by the computations of the subgradient
which can be notably decreased by utilizing the combination of GVT and ESP. According to
[1] (see also Theorem 3.4), the cost for each iteration of the KronRLS method is O (MN +
QN) whilst training ridge regression in a naive way with the explicitly formed Kronecker
product kernel using the standard solvers of the systems of linear equations would result in
O(N?). In the prediction phase, the dominating costs are the kernel matrix multiplications
with the sparse dual coefficient vector.

Taking into account what is stated above, we modified LMBM (see Figure 1) by mov-
ing all the calculations involving data away from Fortran. We created external subroutines
which take care of computing the objective function value J(a) and determining an arbi-
trary element (subgradient) from the subdifferential & € dJ(a). The ESP is implemented
similarly because the evaluation of the goodness of the current iteration point is performed
with respect to the validation data.

5. Numerical experiments

We conducted numerical experiments to demonstrate that the proposed LMBM-Kron{(LS
method can produce sparse solutions to pairwise interaction affinity prediction problems
under any of the four experimental settings while maintaining a competitive predic-
tion performance compared with the state-of-the-art algorithms. We start this section
by describing the data sets and continue by explaining how the hyperparameters of the
method are selected and how they affect the method’s behaviour.

The experiments are run on a computer equipped with Intel Core i7-11800H CPU
(2.30 GHz). In order to assure compatibility with F2PY, we chose to use Python version
2.7.18. In the creation of an interface, GFortran was used as a Fortran compiler. As stated
earlier, F2PY (Fortran to Python interface generator) is used to provide a connection
between Python and Fortran languages. We utilized a standalone command line tool f2py
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of the F2PY to build Python C/API extension modules making it possible to call For-
tran95 external subroutines and to access Fortran95 module data (including allocatable
arrays).

5.1. Data sets

Numerical experiments are run on three real data sets and two generated data sets. As
we want to consider both the regression and classification formulation of the pairwise
interaction affinity prediction problem, we do the experiments for two versions of each
explored data set similar to Pahikkala et al. [74]: one with quantitative interaction affinities
and another with binarized interaction levels. In the latter, the output gets value 1 if the
drug and target interact and —1 if they do not.

The real data sets that are used have been introduced by Davis et al. [31], Metz et al. [62],
and Merget et al. [61]. Cichonska et al. [28] have updated the Merget data to the form that
we used. Each of the data sets consist of three matrices Xp € R"*"> X € R"T*"T and
Y € R"*"T, where the first two are feature matrices for drugs and targets kinases, respec-
tively, and the last one is the drug-target interaction affinity matrix. For Davis data, all
pairwise interactions are known, whereas the other two are naturally sparse (interaction
information is available only for a small subset of all possible drug-target pairs). The num-
bers of drugs, targets, and their known interactions are presented in Table 2 for each data

Table 2. Numbers of drug-target pairs whose interaction is known, unique drugs, unique targets, and
numbers of positives and negatives in the binary case for the data sets used in the experimental study.

Binarized outputs

Data set Subset # pairs #drugs # targets pos. neg.
Davis All data 30,056 68 442 1527 28,529
Training 6544 4 266 394 6150
S1 2181/2181 41/41 266/266 134/131 2047/2050
S2 3608/3608 41/41 88/88 185/214 3423/3394
S3 3724/3458 14/13 266/266 134/162 3590/3296
S4 1232/1144 14/13 88/88 31/55 1201/1089
Metz All data 93,356 1421 156 3200 90,156
Training 20,052 826 94 612 19,440
S1 6665/6670 724/719 94/94 190/221 6475/6449
S2 10,239/12,618 708/741 31/31 324/438 9,915/12,180
S3 11,278/10,791 284/283 94/94 358/482 10,920/10,309
S4 3410/4028 241/252 31/30 114/177 3296/3851
Merget All data 167,995 2967 226 9972 158,023
Training 35,707 1719 136 1993 33,714
S1 11,842/11,852 1343/1334 136/131 616/631 11,226/11,221
S2 21,090/20,438 1293/1614 45/45 1154/1198 19,936/19,240
S3 20,587/18,727 588/592 136/134 1225/1175 19,362/17,552
S4 7312/6411 450/557 45/44 458/478 6854/5933
Checker Training 2500 100 100 1253 1247
Test 62,500 500 500 31,355 31,245
Validation 2500 100 100 1245 1255
Checker Training 2500 100 100 1282 1218
Noise Test 62,500 500 500 31,491 31,009
Validation 2500 100 100 1275 1225

Note: Subsets S1-S4 refer to the experimental settings that are defined in Section 1 and their information is given individually
for test/validation sets.
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set. Note that the number of drug features (target features) is equal to the number of drugs
(targets).

The numbers of positive and negative interactions in the binarized case are also pre-
sented in Table 2. The affinities are measured in different ways in different data sets.
Thereby also the threshold values for the binary outputs vary: for Davis data, the drug
and protein are considered interacting if K4 < 30 nM similarly to [74]. For Metz data, the
interaction was considered as positive if pKj > 7.6. For Merget data, a threshold value 7
was used as in [28].

In addition to the full data set characteristics, the same things are described for different
subsets. All three real data sets are split into training, test, and validation sets in the same
manner. The data sets are split into nine subsets as visualized in Figure 3: there is one
training set, four test sets, and four validation sets. The subsets are created by splitting the
drugs and targets into training, test, and validation drugs and targets, respectively. In the
visual example, ‘test targets” are those of indices {127, 166, 230, 232, 265, 375}, ‘validation
targets’ are those of indices {54, 67, 155,207, 340, 421, 441} and the rest are ‘training targets’
X;. Same for drugs: ‘test drugs’ are those with indices {13, 18,21, 28, 39}, ‘validation drugs’
are those with indices {15, 25, 38,42, 47, 53} and the rest are ‘training drugs’ X. After that,
the pairs are assigned to the subsets according to the definitions of the subsets. For example,
pair (dys, t127) is in the test set for setting S2 since di¢ € Xz and #1,7 is a ‘test target’. On
the other hand, pair (ds3, £441) is in the validation set for setting S4 since dsj3 is a ‘validation
drug’ and t44) is a ‘validation target’. The pairs in test and validation sets in setting S1 are
such that both the drug d; is a ‘training drug’ and the target ¢, is a ‘training target’ but the
exact pair (d;, t;) is not included in the training data.

Further, we consider a sparse variant (labels are assigned only for 25% of all the possi-
ble pairs) of the Checkerboard simulation similar to [1]. In this simulation, the rows and
columns of the Checkerboard table are considered as drugs and targets, respectively. Both

Subset

test

Drug

training

validation

Figure 3. Visual demonstration of the splits with a complete data set of 30 drugs and 30 targets. Training
set is mutual in every experimental setting S1-54, but the test and validation sets are different in each
setting.
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the drugs and the targets have a single feature describing them, drawn from continuous
uniform distribution U(0, 5). In the case of binary interaction labels, the output assigned
to a pair (d, t) is +1 whenever both |d| and |¢] are either odd or even, and —1 when one of
them is odd and the other even [1]. In order to create a regression problem with continu-
ous interaction affinities, we simply multiplied the class label of a pair in the checkerboard
classification problem with both feature values associated with the pair.

In the case of Checker data, there is no need for a train-validation-test splitting proce-
dure. The simple reason is that we can generate training, validation, and test sets separately
using different seed values. Since the amount of data creates no restrictions here, we
decided to generate equally sized training and validation sets. The test set, in turn, was
generated much larger than the training set as, in practice, we often have quite a small
amount of data to train a model and a huge amount of possible pairs we need to create the
predictions for.

In addition to testing how well the obtained model can handle nonlinearities, the
Checker data allows us to examine the robustness of the obtained model against noise.
We introduce random noise to the data by flipping the class / the output values’ sign of
each pair with 0.2 probability.

5.2. General setup

Every method used in this experiment uses Kronecker product kernel matrices. They were
computed via Gaussian RBF kernel. Following Airola and Pahikkala [1] the applied values
for the kernel width parameter y were 10> for the Metz data and 1.0 for the simulated
Checker data. Data preprocessing was used with Davis and Merget data sets so that the
resulting ranges of values of the drug and target similarity matrices and the interaction
matrix were similar to the corresponding ranges in Metz data. After that, the value y =
107> was used also with these data.

In order to solve DTT prediction problems with MO1 of the proposed method, the refer-
ence model needs to be selected and its prediction accuracy needs to be measured. We used
KronRLS [1] as a non-sparse reference model. Other options could be KronSVM [1] or the
proposed method without regularization (i.e.0 = 0) or early stopping. For both KronRLS
and KronSVM (see, Equations (4) and (5), respectively), we selected an optimal hyperpa-
rameter A from a set {2710,275,274,273,272 271 20 21 23 24 25 210} This tuning of A
was done separately for each data set and each setting. There was no need for a larger test
grid since based on more exhaustive tests these hyperparameter values represent the main
changes observed in the prediction performance. For every obtained solution vector, the
prediction accuracy was determined against the validation data set. The solution vector
with the best CI value for the validation data set was chosen to be used as a reference point
in the proposed method’s MO1.

Other things that can have a significant impact on the quality of the obtained results and
hence need to be decided before running the method are the accepted decrease in CI in
the case MO1, the step size kstep and the possible values of p. In this work, we allowed a 5%
decrease in CI, decided the step size to be 5% of the training data size for the real data sets
and 1% for the generated Checker data sets, and ended up searching for an optimal penalty
parameter p from a set {0.1,0.5, 1.0, 2.0, 4.0, 12.0, 50.0, 500.0}. In addition, the training-
test-validation split of data affects the results. The drugs and targets were split into subsets
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according to proportions 60%-20%-20%. The training/S1 pairs were onwards split into
training, S1 test, and S1 validation subsets according to the same proportions while making
sure that the definitions of the settings still hold.

For each data set and setting the learning problem is solved with both main objectives
and both starting point procedures of the proposed method. We report the results of the
starting point procedure that produced better criterion value.

5.3. Results

The results presented in Tables 3 and 4 represent the performances of the reference mod-
els KronRLS and KronSVM and the proposed method on independent test data. For each
data set and setting the learning problem is solved with both main objectives and both
starting point procedures. In Tables 3 and 4, we report the results with both main objec-
tives. For different starting point procedures we report the results of the one that produced
better criterion value as well as the procedure (SP) it was obtained. The sparsity percentage
(Sparsity) is the fraction of zeroes in the dual solution. We point out that KronRLS always
produces dense solutions (i.e. Sparsity = 0 for every data and setting).

It is clearly visible that S4 is the most difficult setting whereas in setting S1 the methods
perform the best in terms of CI, as expected. In most cases, the performance in setting S2
is better than in S3; Metz data with continuous labels being the only exception.

With MO1, LMBM-Kron{LS finds much sparser solutions than KronRLS while allow-
ing only a predetermined deviation from the CI obtained with KronRLS. The accepted
decrease affects the results substantially. Sometimes better results could be obtained if the
accepted decrease was smaller, but then there was also a risk of situations where the method
does not find any acceptable solutions.

Even higher sparsity percentages are obtained with LMBM-Kron¢LS with MO2 when
the decrease in CI is not restricted. Often the Cl is slightly lower than the corresponding CI
with MO1. However, there are also exceptions in both directions: sometimes the prediction
performance is much worse than with MO1 (e.g. Davis S4 with continuous labels) and

Table 3. Results for data sets with continuous labels.

LMBM-Kron£gLS

KronRLS MO1 MO2
Data set Setting a Sparsity a SP Sparsity a SP
Davis S1 0.847 739 0.818 1 89.3 0.803 1
S2 0.799 78.5 0.772 1 87.1 0.747 1
S3 0.760 73.5 0.732 1 88.6 0.687 1
S4 0.600 59.8 0.574 1 94.2 0.505 1
Metz S1 0.806 549 0.779 1 89.2 0.686 2
S2 0.690 83.6 0.659 1 93.9 0.636 2
S3 0.732 64.9 0.713 1 94.5 0.648 2
S4 0.648 89.6 0.636 2 94.1 0.623 2
Merget S1 0.808 39.0 0.793 1 94.0 0.637 1
S2 0.788 34.8 0.784 1 91.3 0.579 2
S3 0.687 64.6 0.660 1 92.1 0.614 2
S4 0.666 74.8 0.651 1 89.7 0.643 1
Checker 0.823 77.4 0.829 - 81.4 0.826 -

Checker Noise 0.658 713 0.663 80.8 0.665
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Table 4. Results for binarized data sets.

KronSVM LMBM-Kron£oLS
KronRLS MO1 MO2
Data set Setting a Sparsity a Sparsity a SP Sparsity a SP
Davis S1 0.927 0.0 0.925 76.0 0.896 1 93.7 0.880 1
S2 0.882 57.6 0.871 73.7 0.851 1 93.8 0.859 2
S3 0.841 57.6 0.842 83.0 0.828 2 94.4 0.798 1
S4 0.755 0.0 0.729 83.7 0.735 2 87.1 0.722 2
Metz S1 0.910 78.0 0.921 83.5 0.880 1 89.3 0.854 1
S2 0.858 0.1 0.859 89.1 0.829 2 89.7 0.833 1
S3 0.828 0.1 0.827 88.6 0.805 2 89.9 0.803 1
S4 0.777 0.1 0.772 82.7 0.762 1 89.9 0.728 1
Merget S1 0.873 0.0 0.880 49.9 0.860 1 88.5 0.805 2
S2 0.847 0.1 0.846 63.4 0.821 1 90.0 0.811 1
S3 0.792 72.9 0.806 93.9 0.775 1 87.8 0.762 1
S4 0.777 0.5 0.777 91.2 0.742 2 88.1 0.746 1
Checker 0.956 81.9 0.972 88.8 0.949 - 87.4 0.951 -
Checker Noise 0.734 5.2 0.733 86.8 0.731 - 89.5 0.736 -

sometimes the prediction performance is even better than with MO1 (e.g. Davis S2 with
binary labels).

In addition to the choices of the main objective and starting point procedure, the data
split has an impact on the results, both the state-of-the-art methods and the proposed
method. A more comprehensive study would be needed for estimating the impact of the
splits. Based on the results of the different data sets, it can be concluded that the results
suggest that the proposed method LMBM-Kron¢oLS provides a valuable approach for
enforcing sparsity on pairwise prediction problems, such as DTT affinity predictions.

6. Conclusions

In this paper, we have proposed a new nonsmooth optimization-based method LMBM-
Kron{LS, which allows learning sparse models for predicting pairwise interaction affini-
ties. The method aims for two contradictory goals: to obtain the best possible prediction
accuracies while generating these predictions with a minimal number of variables. This
means that we need to solve a bi-objective optimization problem.

The numerical experiments demonstrate that LMBM-Kron{(LS can find sparse coun-
terparts for a non-sparse reference solution without sacrificing too much from the pre-
diction accuracy. In practice, the method allows the user to determine the limit value for
acceptable prediction accuracy (main objective 1 (MO1)). If the user does not wish to set
any limit, they can choose main objective 2 (MO2), which treats the sparsity of a solution
and the prediction accuracy as equally important goals.

In the experiments, LMBM-Kron¢,LS found a sparse solution in every case. When the
maximum decrease in CI is restricted to 5%, the obtained sparsity percentages are near
70% in the case of continuous and about 80% in the case of binary labels. In both cases, the
average decreases in CI are about 2%. On the other hand, when the decrease in CI is not
restricted (that is, with MO2), the obtained sparsity percentages are near 90% with both
continuous and binary labels. In addition, the average decrease in CI is approximately 10%
with continuous and only about 4% with binary labels.
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In the end, we want to emphasize that, in contrast to most of the DTI prediction meth-
ods, LMBM-Kronf(LS can predict pairwise interaction affinities at the state-of-the-art
level even when they are modelled in a more realistic fashion as continuous values. The
implementations for the LMBM-Kronf(LS method, as well as for the F2PY interface, are
made freely available under open source license.?

Notes

1. The IDG-DREAM Drug-Kinase Binding Prediction Challenge provides up-to-date the most
comprehensive benchmarking of machine learning-based drug-target prediction methods,
comparing the results of 212 active challenge participants.

2. https://github.com/pavetsul4/LMBM-KronLOLS
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