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Abstract. Machine learning methods have been successfully applied to
the phenotype classification of many diseases based on static gene expres-
sion measurements. More recently microarray data have been collected
over time, making available datasets composed by time series of expres-
sion gene profiles. In this paper we propose a new method for time series
classification, based on a temporal extension of Li-norm support vec-
tor machines, that uses dynamic time warping distance for measuring
time series similarity. This results in a mixed-integer optimization model
which is solved by a sequential approximation algorithm. Computational
tests performed on two benchmark datasets indicate the effectiveness of
the proposed method compared to other techniques, and the general
usefulness of the approaches based on dynamic time warping for labeling
time series gene expression data.

Keywords: Time series classification, microarray data, Li-norm sup-
port vector machines, dynamic time warping.

1 Introduction

In the last decade several machine learning methods have been proposed for
the classification of gene expression data based on static datasets |1-4]. These
datasets are usually composed by a huge number of features (genes) and a rela-
tively few number of examples, and their values represent gene expression levels
observed in a snapshot under precise experimental conditions.

The analysis of microarray expression levels recorded at a single time frame
has proven to be effective for several biomedical tasks, among which the most
prominent one is the phenotype classification in the early stages of a disease.
However, it may appear inadequate to properly grasp the complex evolving in-
teractions steering the biological processes. For example, in functional genomics
studies the automatic categorization of genes based on their temporal evolution
in the cell cycle plays a primary role, since genes with similar expression profiles
are supposed to be functionally related or co-regulated [5]. As another example
consider the prediction of the clinical response to a drug [6], where patients may
exhibit different rates of disease development or treatment response. In this case,
the overall profiles of the expression levels of two patients may be similar but not
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aligned, since individuals may progress at different speed [7]. In both scenarios
it is required to analyze gene expression profiles as they evolve over time and,
consequently, to develop classification methods able to consider also the tempo-
ral dimension. Over recent years a growing number of microarray experiments
have been performed in order to collect and analyze time series gene expression
profiles. The resulting datasets then provide examples of labeled time series that
can be useful for classifying new temporal sequences whose label is unknown,
and for identifying hidden explanatory biological patterns.

More generally, time series classification is a supervised learning problem
aimed at labeling temporally structured univariate or multivariate sequences.
Several alternative paradigms for time series classification have been proposed
in the literature; see the review [§]. A common approach is based on a two-
stage procedure that first derives a rectangular representation of the time series
and then applies a classification method for labeling the data. An alternative
approach relies on the notion of dynamic time warping (DTW) distance, an ef-
fective measure of similarity between pairs of time series. This distance allows
to detect clusters and to predict with high accuracy the class of new tempo-
ral sequences by using distance-based methods, such as the k-nearest neighbor
classifier [9, 10]. Furthermore, kernels based on DTW have been devised and
incorporated within traditional support vector machines in [11-13].

In this paper we propose a new classification method based on a temporal
variant of Li-norm support vector machines (SVM), denoted as L;-TSVM. The
resulting mixed-integer optimization model, solved by a sequential approxima-
tion algorithm, takes into account the similarity among time series assigned to
the same class, by including into the objective function a term that depends
on the warping distances. A first research contribution along these lines is pre-
sented in [14], in which authors propose a temporal extension of discrete SVM,
a variant of SVM based on the idea of accurately evaluating the number of
misclassified examples instead of measuring their distance from the separating
hyperplane [15, 16]. In this paper Li-norm SVM [17-19] have been preferred as
the base classifier for incorporating the temporal extension since they are effi-
cient and well suited to deal with datasets with a high number of attributes,
particularly in presence of redundant noisy features.

A second aim of the paper is to investigate whether DTW distance can be
generally beneficial to different classifiers for labeling time series gene expression
data. To this purpose, we comparatively evaluated the performances of five alter-
native methods beside L;-TSVM: these are Li-norm SVM, Ls-norm SVM with
radial basis function and DTW as kernels, and the k-nearest neighbor (k-NN)
classifier either based on Euclidean or DTW distances. Computational tests per-
formed on two datasets seem to indicate that the proposed method L{-TSVM
has a great potential to perform an accurate classification of time series gene ex-
pression profiles and that, in general, SVM techniques based upon DTW perform
rather well with respect to their non-DTW-based counterparts.

The paper is organized as follows. Section [2] defines time series classification
problems and the concept of warping distance. In section [3] a new classification
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model based on Li-norm temporal SVM is presented. In section ] computational
experiences are illustrated. Finally, section [l discusses some future extensions.

2 Time Series Classification and Warping Distance

In a time series classification problem we are given a set of multivariate time se-
ries {A;}, i € M ={1,2,...,m}, where each A; = [a;;] is a rectangular matrix
of size L x T; of real numbers. Here [ € £ = {1,2,..., L} is the index associated
to the attributes of the time series, whereas t € 7; = {1,2,...,T;} is the tempo-
ral index, that may vary in a different range for each A;. Every time series is also
associated with a class label y; € D. Let H denote a set of functions f : R" — D
that represent hypothetical relationships between {A;} and y;. The time series
classification problem consists of defining an appropriate hypotheses space H
and a function f* € H which optimally describes the relationship between the
time series {A;} and their labels {y;}, in the sense of minimizing some measure
of misclassification. When there are only two classes, i.e. D =2 and y; € {—1,1}
without loss of generality, we obtain a binary classification problem, while the
general case is termed multicategory classification.

The warping distance has proven to be an effective proximity measure for
clustering and labeling univariate time series |9, [10]. Indeed, it appears more
robust than the Euclidean metric as a similarity measure, since it can handle
sequences of variable length and automatically align the time series to identify
similar profiles with different phases.

In order to find the optimal alignment between two time series A; and Ay,
let G = (V,E) be a directed graph whose vertices in V' correspond to the pair
of time periods (r,s),r € 7;,s € Tx. A vertex v = (r, s) indicates that the r-th
value of the time series A; is matched with the s-th value of Aj. An oriented
arc (u,v) connects vertex u = (p, q) to vertex v = (r, s) if and only if one of the
following mutually exclusive conditions holds

{r=p+ls=qtv{r=p+1l,s=q+1}V{r=ps=q+1}. (1)

Consequently, each vertex u € G has at most three outgoing arcs, associated
to the three conditions described in ([l). The arc (u,v) connecting the vertices
u = (p,q) and v = (r, s) has length

L

Yuv = Z(ailr - ak:ls)27 (2)

=1

given by the sum over the attributes of the squared distances associated to the
potential alignment of period r in A, to period s in Aj. Let also vy = (1,1) and
vy = (T}, Tk) be the vertices corresponding to the alignment of the first and last
periods in the two sequences, respectively.

A warping path in G is any path connecting the source vertex vy to the
destination vertex v;. It identifies a phasing and alignment between two time
series such that matched time periods are monotonically spaced in time and
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Fig. 1. Alignment of A; and A,with Euclidean distance (a) and DTW distance (b)

contiguous. The warping distance between time series A; and Ay is then defined
as the length of the shortest warping path in G, and provides a measure of
similarity between two temporal sequences which is often more effective than
the Euclidean metric, as shown in Figure 1.

The warping distance between A; and Ay can be evaluated by a dynamic opti-
mization algorithm, with time complexity O(T?2,,.) (Tmaz = max{T; : i € M}),
based on the following recursive equation

g(r,s) = Yuv + min{g(r - 178 - 1),9(7’ - 1,8),9(7’,8 - 1)}7 (3)

where g(r,s) denotes the cumulative distance of a warping path aligning the
time series through the periods going from the pair (1, 1) to the pair (r, s).

3 Li-norm Temporal Support Vector Machines

In this section we propose a new classification method based on a temporal
variant of Li-norm SVM, denoted as L;-TSVM. The resulting mixed-integer
optimization model, solved by a sequential approximation algorithm, takes into
account the similarity among time series assigned to the same class, by includ-
ing into the objective function a term that depends on the warping distances.
We confine our attention to binary classification, since multicategory classifi-
cation problems can be reduced to sequences of binary problems by means of
one-against-all or all-against-all schemes [16, [20]. By applying an appropriate
rectangularization preprocessing step, as described in section Ml for the time se-
ries considered in our tests, we may assume that the input dataset is represented
by a m x n matrix, in which each row is a vector of real numbers x; € R" which
represents the corresponding time series A,;.
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A linear hypothesis for binary classification corresponds to a space H com-
posed by separating hyperplanes taking the form f(x) = sgn(w’x — b). In order
to choose the optimal parameters w and b, traditional SVM [21H23], hereafter
denoted as Lo-norm SVM, resort to the solution of the quadratic minimization
problem

1 -
min  [wllz +C ;& (Ly-SVM)
st oy (wxi—b)>1-& ieM (4)

& >0Vi; w,b free.

Here the Ly-norm ||w||2 is a regularization term, aimed at maximizing the mar-
gin of separation, whereas the second term in the objective function is a loss
function expressing the distance of the misclassified examples from the canon-
ical hyperplane delimiting the correct halfspace. The parameter C' is available
for adjusting the trade-off between the two terms in the objective function of
problem Ly-SVM.

The quadratic formulation Ly-SVM has some advantages, which contributed
to its popularity. Among others, it admits fast solution algorithms and, through
its dual problem, it allows to implicitly apply kernel transformations for deriving
nonlinear separations in the original input space from linear separations obtained
in a high-dimensional Hilbert space.

Yet, other norms ||w||, have been considered in the literature as alternative
ways for expressing the margin maximization. In particular, linear formulations
have attracted much attention [17-19] since they can benefit from the high ef-
ficiency of the solution algorithms for linear optimization problems. The linear
counterpart of problem L,-SVM is given by the optimization model

min [[w; +C Y & (L1-SVM)
=1
st oy (wxi—b)>1-& ieM (5)

& >0Vi; w,b free.

Although not suited to host the kernel transformations applicable to Lo-SVM,
the linear problem L;-SVM has proven even more effective to achieve an accu-
rate separation directly into the input space, particularly when the number of
attributes is high and there are noisy unnecessary features.

We propose an extension of problem L;-SVM by defining a new term aimed
at improving the discrimination capability when dealing with time series clas-
sification problems. This additional term is given by the sum of the warping
distances between all pairs of time series assigned to the same class. By in-
cluding this term into the objective function we aim at deriving a separating
hyperplane which maximizes the overall similarity among time series lying in
the same halfspace.
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Let d;;, denote the warping distance between the pair of time series (A;, Ag).
We have to introduce binary variables expressing the number of misclassified
examples as

(6)

In order to determine the best separating hyperplane for time series classi-
fication, the following mixed-integer optimization problem L;-TSVM, termed
Li-norm temporal support vector machines, can be formulated

min zn: uj+C i &+ i i dikTik (L1-TSVM)
j=1 =1

O if wixi—b2>1
Pi= 11 otherwise '

i=1 k=it+1
st y(wx;—b)>1-¢& ieM (7)
—u]‘S’w]‘SUj jEN (8)

1
Sfiﬁpiﬁsfi 1eM 9)
—ri Sy (2pi — 1) Fyr Cpr — 1) <1 ke M,i<k (10)

uj, &, ik > 0V, 4,k p; €{0,1} Vi;  w,b free.

Here S is a sufficiently large constant; C' and ¢ the parameters to control the
trade-off among the objective function terms. The family of continuous bounding
variables uj,j € N, and the constraints (8) are introduced in order to linearize
the first term ||w]|; in the objective function of problem L;-SVM. Constraints (@)
are required to enforce the relationship between the slack variables &; and the
binary misclassification variables p;. Finally, the family of continuous bounding
variables r;, 1, k € M, together with the constraints (1)), are needed to express
in linear form via the third term the inclusion of the sum of the warping distances
between the time series, as shown in [14].

For determining a feasible suboptimal solution to model L;-TSVM, we pro-
pose the following approximation procedure based on a sequence of linear opti-
mization (LO) problems. In what follows R-TSVM denotes the LO relaxation of
model L;-TSVM, and ¢ is the iteration counter.

Procedure L1-TSVMsg1,0

1. Set t = 0 and consider the relaxation R-TSVMq of L{-TSVM.

2. Solve problem R-TSVM;.

3. Suppose first that problem R-TSVM; is feasible. If its optimal solution is
integer, the procedure is stopped and the solution generated at iteration ¢
is retained as an approximation to the optimal solution of L;-TSVM; other-
wise, proceed to step 5.

4. Otherwise, if problem R-TSVM; is unfeasible, modify previous problem
R-TSVM;_; by fixing to 1 all of its fractional variables. Problem R-TSVM;
redefined in this way is necessarily feasible and any of its optimal solutions
is integer. Thus, the procedure is stopped and the solution found is retained
as an approximation to the optimal solution of L;-TSVM.
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5. Next problem R-TSVM,;; in the sequence is obtained by fixing to zero
the relaxed binary variable with the smallest fractional value in the optimal
solution of the predecessor R-TSVM;y; then proceed to step 2.

4 Computational Experiments

Computational experiments were performed on two datasets both composed by
microarray time series gene expression data. As stated in the introduction our
aim was twofold; from one side, we intended to evaluate the effectiveness of
L1-TSVM and to compare it to its continuous counterpart in terms of accuracy.
From the other side, we were interested in investigating whether DTW distance
may be conveniently used in conjunction with alternative supervised learning
methods for gene expression time series classification.

The first dataset considered in our tests, denoted as Yeast] and originally
described in [24], contains the genome characterization of the mRNA transcript
levels during the cell cycle of the yeast Saccharomyces cerevisiae. Gene expres-
sion levels were gathered at regular intervals during the cell cycle. In particular,
measurements were performed at 17 time points with an interval of ten min-
utes between each pair of recorded values. The gene expression time series of
this dataset are known to be associated to five different phases, namely Early
G1, Late G1, S, G2 and M, which represent the class values in our setting.
The second dataset, indicated as MS-rI[FNf and first analyzed in [6], contains
gene expression profiles of patients suffering from relapsing-remitting multiple
sclerosis (MS), who are classified as either good or poor responders to recombi-
nant human interferon beta (rIFNS). The dataset is composed by the expression
profiles of 70 genes isolated from each patient at 7 time points: before the admin-
istration of the first dose of the drug (¢ = 0), every three months (¢t = 1,2, 3,4)
and every six months (¢ = 5,6) in the first and second year of the therapy, re-
spectively. For a few patients entire profile measurements are missing at one or
two time points. From the complete MS-rIFN( dataset we retained only twelve
genes whose expression profiles at ¢ = 0 have shown to accurately predict the
response to rIFN(, as described in [6]. Furthermore, for each possible number
of time points from 2 to 7 we extracted the corresponding gene expression time
series, in order to obtain six different datasets. The distinctive features of Yeast
and MS-rI[FN@ in terms of number of available examples, classes and time series
length are summarized in Table [Tl

Five alternative methods were considered for comparison with L{-TSVM: L1-
SVM, SVM with radial basis function (SVMgpr) and dynamic time warping
(SVMprw) kernels, k-nearest neighbor classifier based respectively on Euclidean
distance (k-NNgye) and dynamic warping distance (k-NNppw ). For solving L1-
TSVM and L;-SVM models we respectively employed the heuristic procedure
described in section 4 and standard LO code, both framed within the CPLEX
environment; for nonlinear kernels SVM we used the LIBSVM library [25],
extending its standard version with the DTW kernel. Among dynamic time

! http://genomics.stanford.edu/yeast_cell_cycle/cellcycle.html
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Table 1. Summary of gene expression time series datasets

Dataset
Summary Yeast MS-rIFNS
Examples 388 52
Classes Early G1 (67) Good responder (33),

Late G1 (136), S (77) Poor responder (19)
G2 (54), M (54)
Time series length 17 [5,7]

warping kernels we implemented the one proposed in [13], which has been proven
to be positive definite under favorable conditions. Finally, in order to perform
the classification of Yeast, which represents a multicategory dataset, SVM-based
methods were framed within the all-against-all scheme.

A preprocessing step was applied on both datasets before classification. In
particular, each expression profile of Yeast was normalized as described in [24].
The expression levels of MS-rIFNj3 were instead standardized, by subtracting
from each value in a gene profile the mean of the values of the same gene in
temporal-homologous sequences, and dividing the result by the corresponding
standard deviation. Since all methods apart from SVMprw and k-NNprw are
not able to cope with sequences of variable length, we replaced missing profiles
with series of an out-of-range value, and then sequenced genes and time periods
for every patient in order to obtain a rectangular representation for each of the
six MS-rIFN{ datasets.

The accuracy of the competing methods was evaluated by applying five times
4-fold cross-validation, each time randomly dividing the dataset into four folds
for training and testing. To achieve a fair comparison we used the same folds for
all methods. Furthermore, on each training set we applied 3-fold cross-validation
in order to figure out the optimal parameters setting for all classifiers, represented
by the regularization constant C' and the kernel parameter o for Li-norm and
Lo-norm SVM methods, and by the number k of neighbors for k-NN classifiers.
For L1-TSVM a further parameter to be optimized was represented by the weight
¢ in the objective function, regulating the trade-off between misclassification and
the sum of time series warping distances. The values tested for each parameter
are reported in Table

The results of each method are shown in Table Bl which indicates the average
accuracy values obtained by applying five times 4-fold cross-validation. These
results allow us to draw some empirical conclusions concerning the effective-
ness of the proposed method and the usefulness of DTW distance. The tem-
poral variant L;-TSVM was capable of outperforming its counterpart L;-SVM
on all datasets, achieving an increase in accuracy ranging between 0.8% and
5.4%. The novel technique appeared rather accurate also with respect to the
other classifiers, being able to provide the highest rate of correct predictions on
Yeast and on most MS-rIFN{ datasets. Especially on these datasets, in which
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Table 2. Parameters values tested for each family of methods

Method Parameters values
k-NNgucl k=2,4,6,8,10
k-NNpTw

SVMRgF C=107,j € [-1,3]
SVMprw o =107, € [-4,2]

L;-SVM C=10,j € [-1,3]
Li-TSVM  § =107,5 € [-1,1]

Table 3. Classification accuracy (%) on the gene expression time series datasets. In-

tervals in brackets indicate the time points considered for each MS-rIFNG dataset.

Method
Dataset k-NNgua k-NNptw SVMRer SVMprw L1-SVM L1-TSVM

Yeast 68.5 51.8 73.3 73.7 72.4 73.9

MS-rIFNB
te[0,]] 838 76.9 82.7 84.2  76.9 80.8
te[0,2] 819 78.9 82.7 84.6 80.0 85.4
te0,3]  82.7 75.0 81.9 75.4 785 83.8
te[0,4] 769 73.1 76.9 71.2 79.2 80.0
tef0,5] 758 69.2 715 785 79.6 80.8
te0,6] 712 66.9 68.5 70.8 76.5 78.8

examples are composed by sequences of variable length, also the use of DTW
as the kernel function appeared promising. Notice that the average accuracy
provided by most classifiers on MS-rIFN{ datasets decreased when more than
four expression time series were considered for each example. This phenomenon
is possibly related to the increase of missing profiles in the last measurements
which may have slightly compromised the classification results. Nevertheless,
L1-TSVM showed the mildest degradation of its classification performances with
respect to most of the other methods. On the Yeast dataset the competing tech-
niques L1-TSVM and SVMprw provided comparable results. Even in this case,
however, L1-TSVM was able to obtain the best rate of correct predictions. By
investigating the confusion matrices of all methods we observed that the higher
accuracy of L1-TSVM mainly derived from the correct classification of a greater
number of examples belonging to the classes S and M.

5 Conclusions and Future Extensions

In this paper we have proposed a new supervised learning method for time series
gene expression classification based on a temporal extension of Li-norm SVM.
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The novel technique relies on a mixed-integer optimization problem which in-
corporates in the objective function an additional term aiming at improving
the discrimination capability when dealing with the classification of time series
datasets. This term is represented by the sum of the warping distances of time se-
ries assigned to the same class, where the warping distance is used as a similarity
measure among temporal sequences. The inclusion of this term in the objective
function is aimed at deriving separating hyperplanes which are also optimal with
respect to time series similarity. In this paper we have also investigated from a
computational perspective the convenience of combining the warping distance
with alternative classification methods for time series gene profiles labeling. Ex-
periments performed on two datasets showed the effectiveness of the proposed
method and the usefulness of the warping distance when used as the kernel
function in Le-norm SVM. Future research development will be pursued along
three main directions, by testing the novel technique on a wider range of time
series gene expression classification problems, by investigating other similarity
measures to be included in the model and by studying alternative heuristic pro-
cedures for solving the resulting mixed-integer formulations.
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