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SUMMARY

We consider classification of functional data into two groups by linear classifiers based on
one-dimensional projections of functions. We reformulate the task of finding the best classifier as
an optimization problem and solve it by the conjugate gradient method with early stopping, the
principal component method, and the ridge method. We study the empirical version with finite
training samples consisting of incomplete functions observed on different subsets of the domain
and show that the optimal, possibly zero, misclassification probability can be achieved in the limit
along a possibly nonconvergent empirical regularization path. We propose a domain extension
and selection procedure that finds the best domain beyond the common observation domain of
all curves. In a simulation study we compare the different regularization methods and investigate
the performance of domain selection. Our method is illustrated on a medical dataset, where we
observe a substantial improvement of classification accuracy due to domain extension.

Some key words: Classification; Conjugate gradient; Domain selection; Functional data; Partial observation;
Regularization; Ridge method.

1. INTRODUCTION

We consider classification of a functional observation into one of two groups. Classification
of functional data is a rich, longstanding topic and is comprehensively surveyed in Baillo et al.
(2011b). Delaigle & Hall (2012a) showed that depending on the relative geometric positions
of the difference of the group means, representing the signal, and the covariance operator,
summarizing the structure of the noise, certain classifiers can have zero misclassification prob-
ability. This remarkable phenomenon, called perfect classification, is a special property of the
infinite-dimensional setting and cannot occur in the multivariate context, except in degener-
ate cases. Delaigle & Hall (2012a) showed that a particularly simple class of linear classifiers,
based on a carefully chosen one-dimensional projection of the function to be classified, can
achieve this optimal error rate either exactly or in the limit along a sequence of approximations.
Berrendero et al. (2018) further elucidated the perfect classification phenomenon from the point
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162 D. KRAUS AND M. STEFANUCCI

of view of the Feldman—H4jek dichotomy between mutual singularity and absolute continuity of
two Gaussian measures on abstract spaces with respect to each other.

Motivated by these findings, we reformulate the problem of determining the best classifier as
a quadratic optimization problem on a function space or, equivalently, a linear inverse problem.
These problems are ill-posed; however, unlike with most inverse problems, this is not a com-
plication but rather an advantage in the sense that the more ill-posed the problem is, the better
the optimal misclassification probability. We use regularization techniques, such as the method
of conjugate gradients with early stopping and ridge regularization, to solve the optimization
problem, obtaining a class of regularized linear classifiers. The optimal misclassification rate is
the limit along the regularization path of solutions which themselves may not converge.

We study the empirical version of the problem, where the objective function in the constrained
minimization must be estimated from finite training data, and make two contributions. First,
we show that it is possible to construct an empirical regularization path towards the possibly
nonexistent unconstrained solution such that the classification error converges to its best value,
possibly zero. We do this for conjugate gradient, principal component and ridge classification in
a truly infinite-dimensional manner, in the sense that the convergence takes place along a path
with decreasing regularization and holds without restrictions on the mean difference between
classes. Second, all our methods and theory are developed in the setting of partially observed
functional data, where trajectories are observed only on subsets of the domain. This type of
incomplete data, also called functional fragments, is increasingly common in applications; see,
for example, Bugni (2012), Delaigle & Hall (2013), Liebl (2013), Goldberg et al. (2014), Kraus
(2015), Delaigle & Hall (2016) and Gromenko et al. (2017). The principal difficulty for inference
with fragments is that temporal averaging is precluded by the incompleteness of the observed
functions. Our formulation as an optimization problem enables us to overcome this issue under
certain assumptions, because only averaging across individuals in the training data is needed, and
not individual curves.

Since the observation domains may vary in the training sample and the new curve to be
classified may be observed on a different subset, it is natural to ask which domain should be used.
We propose a domain selection strategy that looks for the best classifier with domain ranging from
a minimum common domain to the entire domain of the function to be classified. For various
methods of selecting the best observation points, see Ferraty et al. (2010), Delaigle et al. (2012),
Pini & Vantini (2016), Berrendero et al. (2018) and Stefanucci et al. (2018).

Our simulation study confirms that domain selection can considerably reduce the misclassifi-
cation rate. Further simulations compare the performances of the three types of regularization.
Among other findings, this study shows that the principal component and conjugate gradient clas-
sifiers often achieve comparable error rates but that the latter usually needs a lower dimension of
the regularization subspace, in agreement with a theoretical result we provide.

Application to a dataset on the geometric features of the internal carotid artery in patients
with and without aneurysm demonstrates the utility of our proposed approach. These data consist
of trajectories observed on intervals of different lengths. Previous analyses of the data used
the common domain of all curves in classification. With our results we can include information
beyond this minimum domain, which leads to a substantial drop in the error rate of discrimination
between risk groups.

General references on functional data analysis include Ramsay & Silverman (2005) and
Horvath & Kokoszka (2012). Further relevant references are Cuesta-Albertos et al. (2007) for
other methods based on one-dimensional projections, Berrendero et al. (2016) for variable selec-
tion in classification, Bongiorno & Goia (2016) and Dai et al. (2017) for classification beyond
the Gaussian setting, and Cuevas (2014) for an overview.
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2. REGULARIZED LINEAR CLASSIFICATION
2.1. Projection classifiers

We regard functional observations as random elements of the separable Hilbert space L?(Z)
of square-integrable functions on a compact domain Z equipped with inner product (f,g) =
fz f(Hg(t) dtandnorm ||/ || = (f,f)'/?. Inmost applications 7 is an interval and the observations
are curves, but our results can be extended to other objects, such as surfaces or images. We
consider classification of a Gaussian random function, X, into one of two groups of Gaussian
random functions: group 0 has mean o; group 1 has mean w;. Both groups have covariance
operator & defined as the integral operator

Gf)() = /I p( 0 (D) di

with kernel p(s,t) = cov{X (s),X (¢)}. In this section we assume that pg, ;1 and &£ are known,
which corresponds to the asymptotic situation with an infinite training sample. To simplify the
presentation we assume throughout the paper that the new observation to be classified may come
from either of the two classes with equal prior probability. The general case is treated in the
Supplementary Material.

Like Delaigle & Hall (2012a) we consider the class of centroid classifiers that are based on
one-dimensional projections of the form (X, ), where v is a function in L2(Z). If X belongs
to group j (j = 0,1), the distribution of (X, ) is normal with mean (u;, V) and variance
(v, Zv). Denote the corresponding Gaussian densities by fy ;. The optimal classifier based on
(X, ) assigns X to the class Cy (X) given by

Cy (X)) = Ly 1 (XD /fy o X D=1 = L x — o2 — (X — 912500 = Lizy00>0)

where Ty (X) = (X —pu,¥)(w,¥) with o = (uo + p1)/2 and = u; — po. The
misclassification probability of this classifier is

D(yr) = Po{Cy (X) = 1}/2 + P1{Cy (X) = 0}/2 = Po((X — i1, ¥) (i, ¥r) > 0)

[, ) )
= Po({X — po, , )=1—-®| —— |,
0((X = o) > [, ¥)1/2) (2<w,%’w>1/2
where P; is the distribution of curves in group j and @ is the standard normal cumulative
distribution function.
To find the best function v, one would ideally like to maximize |Z ()|, where

)
2= e

Similarly to Delaigle & Hall (2012a) and Berrendero et al. (2018), we see that if |2~ /2u| < oo,
then by the Cauchy—Schwarz inequality,

()l U2 P2 Py 127 Pl 2 Py

w12
(VAN T (u w0 B2 = |2 . )

If, moreover, |2~ 11| < oo, then the equality is achieved for ¢/ = %~ ! . For this choice of 1/, or
any multiple of it, the probability of misclassification is 1—® (||2~'/21|| /2), which is positive due
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to the finiteness of |2~ /2 ||, which can be seen as the signal-to-noise ratio. If |2~/ || < oo,

then regardless of whether || 2~ 11| < oo or not, two Gaussian measures with mean difference
and covariances Z are mutually absolutely continuous and 1 —® (|22~ /211 /2) is the Bayes error
for distinguishing them, i.e., the lowest possible misclassification probability for this problem
among all possible classifiers (Berrendero et al., 2018). If |2~ /2 1| < oo but |2~ | = oo,
then the Bayes risk cannot be achieved by a projection classifier based on a bounded linear func-
tional of the form (X, ) for some ¥ € L?(Z). One can, however, use the theory of reproducing
kernel Hilbert spaces to define a linear classifier that achieves the Bayes risk. We do not pursue
this line of development here because, as will be seen in § 2.2, approximations in the form of
projections can asymptotically achieve the Bayes risk.

The maximization of |Z(¥)| can be solved as the task of maximizing (u, ) subject to
(v, %) = 1. Using Lagrange multipliers (u, ) + A(1 — {y, Zv)) and taking the Fréchet
derivative with respect to 1, one obtains the equation 2A% Y = . Solutions for all A > 0, if they
exist, i.e., if |2~ ' || < oo, yield the same optimal misclassification probability. Without loss
of generality we take A = 1/2. Thus, minimizing the error rate translates into the unconstrained
quadratic optimization problem to maximize { u, ) — (¥, Zv¥) /2, or

minimize (¥, ZY)/2 — (. ¥), 3)

i.e., into the linear problem Zvy = .

2.2. Regularization

Ify = %~ ' wdoesnotexistin L2(Z), i.e., |2~ || = oo, there is no maximizer of | Z()|. One
can instead consider an approximating, regularized problem that can be solved. Regularization
is typically used to solve, in a stable way, ill-posed inverse problems for which a solution exists.
In such contexts, the path of regularized solutions converges to the solution to the problem of
interest. Here it may be that no solution exists, but paths of regularized solutions towards the
possibly nonexistent solution still turn out to be useful, since the misclassification probability
converges to the optimal value along these paths.

If a solution exists, one can approximate it by an iterative numerical method. This approach can
also be used when no solution exists. The idea is to construct a sequence of iterations of an appro-
priate numerical optimization method. The number of steps taken along this divergent sequence
towards the nonexistent solution can be seen as a regularization parameter. The conjugate gradient
method is particularly suitable for this situation.

The first m steps of the conjugate gradient method applied to the linear inverse problem
X = u, or equivalently to the minimization of the quadratic functional (v, ZvV)/2 — ( u, V),
are described in Algorithm 1. This formulation is based on the multivariate version in Phatak
& de Hoog (2002, § 5), where one can find further references and details on how applying the
conjugate gradient method to the normal equations in linear regression leads to partial least
squares regression. The functions v; are conjugate directions in the sense that ( v;, Zvy) = 0 for
J ¥ k, and the functions ¢; are called residuals in numerical analysis and are orthogonal, i.e.,
(&, ¢k) = 0 forj % k. In step j, the algorithm moves from the current approximate solution %CG
along the conjugate direction v; with step length /; that minimizes the quadratic objective. The
residual is then updated to ;1. The new conjugate direction v;4 is obtained by projecting the
residual ;11 onto the orthogonal complement of the span of the previous conjugate directions,
where orthogonality is in the sense of the inner product (-, Z()).
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Algorithm 1. Conjugate gradient regularized classification direction.

Initialize wOCG =0,v=0C=u
Repeat forj =0,...,m — 1
hj = (v, ) [ ( vy, Zv))
WJ(_:S = W]-CG + hjl)j
L1 = 1= BYLS (= & — iAv)
&g = _<§j+1af%vj>/<vj9‘%vj>
Vi1 = i1 + &y
Output <Y

The conjugate gradient approach is an example of dimension reduction regularization. The
method solves the minimization problem (3) with ¥ restricted to the Krylov subspace K, (%, 1t)
spanned by wu, Zu, ..., %" ' and also by the first m conjugate directions v; or the first m
residuals &;; that is, it seeks to minimize (Y, ZV)/2 — (ju, V) subject to ¥ € K, (Z, ). The
projection direction that solves this minimization is y$5.

Another popular choice is to minimize (¥, Zv)/2 — ( u, ) subject to ¥ € E,;(Z£), where
E,.(Z) is the subspace spanned by the first m eigenfunctions, ¢y, ..., ¢, of Z in the spectral
decomposition

o
X = Z)»j(pj ® ¢,
j=1

with A1 > Xy > --- > 0 being the eigenvalues. The solution w,flc = Z}"zl )Lj_l {1, @j)p; gives
the principal component classifier of Delaigle & Hall (2012a).

In general one can minimize (¥, ZY¥)/2 — (|, ¥) subject to ¥ € Sy, where S, is the m-
dimensional subspace generated by some functions sy, ...,s; such that the s; G = 1,2,...)
generate the range of Z. Let &7, be the projection operator that projects onto S,,;, and let #Z,,, =
LK Py and X, = P Kk —122,,. Then the solution of the regularized minimization problem
is ¥ = %, . More explicitly, considering solutions of the form v, = Zj'.”zl ¢js;j leads to the
m-variate minimization of ¢'Qc/2 — u'c where the matrix Q is such that Oy = (s;, %s;) and
the vector u has components u; = (u,s;), i.e., to the solution with coefficients ¢ = O 'u. In
the case of the Krylov subspace, the iterative conjugate gradient method given in Algorithm 1 is,
however, preferred because the matrix Q is ill-conditioned.

We can also take another approach to regularization, based on ridge regression. Optimiz-
ing the misclassification probability in a ball with radius 6'/? leads to the task of minimizing
(Y, BY) ]2 — (1, ¥) subject to || ¥ ||> < 6 or, equivalently, minimizing (¥, Zv¥) /2 — (., ¥) +
a|¥?/2, where @ > 0 is a regularization parameter. The solution is wolf = Xy ', where
Ky = Z + o and . denotes the identity operator. Despite its practical performance and
amenability to theoretical analysis, the functional ridge classifier does not seem to have been
considered before.

There is an important difference between the conjugate gradient method and the other
approaches. While the principal component and ridge methods regularize the problem without the
main goal in mind, the conjugate gradient approach greedily follows the goal of optimal classi-
fication. Indeed, the conjugate gradient method as an iterative optimization procedure constructs
the regularization path focusing on the minimization of the misclassification probability, whereas
the other approaches regularize by modifying the operator to be inverted regardless of the goal.
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From a computational point of view the conjugate gradient method is simplest because it does
not require inversion or eigendecomposition.

2.3. Properties of regularization paths

While v, the solution regularized by a subspace constraint, in general need not converge
as m — oo since a solution to the unconstrained minimization problem may not exist, the
misclassification probability associated with the linear classifier given by v, converges along
the regularization path. The following and all other results are proved in the Appendix.

PROPOSITION 1. The misclassification probability of the regularized linear classifier based on
VYm = Xy, L converges to 1 — (221 /2) as m — oo.

This result holds regardless of whether the unconstrained minimization problem (3) has a
solution, i.e., regardless of whether || Z~' || < oo. The limiting misclassification probability is

positive if |2~ 1/2u|| < oo or zero if |2~ '/? || = oo. As discussed earlier, the optimal error
is achieved exactly by the one-dimensional projection onto ¥ = Z ', when |2~ | < oo.
Even when || Z~' 14| = oo, both of the dimension reduction techniques, namely the conjugate

gradient and principal component methods, and also ridge regularization as we will soon see,
achieve the optimal limiting error rate along a possibly nonconvergent path of one-dimensional
projection directions.

It is natural to investigate and compare how quickly the misclassification rate approaches the
limit for the two main types of subspace regularization. It turns out that the conjugate gradient
classifier, being a greedy, goal-oriented procedure, performs as well as or better than the principal
component classifier with the same dimension.

PROPOSITION 2. Regardless of whether the optimal misclassification probability can be
achieved exactly or along a regularization path, i.e., whether |2~ 11| < oo or |2 || = oo,
and regardless of whether the optimal misclassification probability is zero or positive, i.e., whether
12~ 12|l = o0 or |2~V || < oo, the misclassification probability of the principal compo-
nent classifier using m components is higher than or equal to the misclassification probability of
the m-step conjugate gradient classifier.

Phatak & de Hoog (2002, § 6.2) showed in the multivariate setting that ‘PLS fits closer than
PCR’. In infinite dimensions, in the context of kernel partial least squares, Blanchard & Kramer
(2010, Theorem 1) showed that the partial least squares solution is closer to the true solution of the
inverse problem than is the principal component solution with the same number of components.
Unlike these results, our Proposition 2 does not assume the existence of a solution and instead
focuses on the values of the misclassification probability.

Although Proposition 2 suggests that the conjugate gradient method will typically use fewer
components than the principal component method to achieve the best result, the resulting mis-
classification probability with the best number of components need not be better. We address this
in the simulation study. A similar phenomenon was previously studied in the literature on partial
least squares in finite dimensions and in the functional setting by Febrero-Bande et al. (2017).

As in the case of subspace regularization, below we obtain the convergence of the error prob-
ability of the ridge classifier, whether or not the unconstrained minimization problem (3) has a
solution, i.e., regardless of whether ||[Z ! || < oco. The limiting misclassification probability is
positive if |2~ 1/? || < oo or zero if |2~/ | = .
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PROPOSITION 3. The misclassification probability of the regularized linear classifier based on
1[/01} = %a_lu converges to 1 — (|2~ %l /2) as o — 0+.

3. EMPIRICAL CLASSIFIERS FOR FRAGMENTARY FUNCTIONS

3.1. Construction of classifiers with incomplete training samples

So far we have assumed that the parameters of each group are known. We now present the
empirical version with a finite training dataset, and show that under regularity conditions such
classifiers can achieve asymptotically the same optimal error rate as if there were infinite training
data. We aim to do this not only in the case of fully observed functions but also in the case
of incomplete curves. Incompleteness can occur in the training data, with each curve possibly
observed on a different domain, as well as in the new curve that we wish to classify. One strategy
would be to consider all curves on the intersection of their observation domains, if it is nonempty.
However, such a restriction can be too severe and is unnecessary. We will construct classifiers
that use the observed new curve on a set Z, which may be its entire observation set or a subset
thereof, without requiring that all training curves be completely observed on Z.

For group j let there be a training sample consisting of n; curves, Xji, . .., Xjy;. The training
data are assumed to be mutually independent. Curves may be observed incompletely, with values
known only on a subset O;; of the domain and with no information about the values on the
complement. The observation domains are assumed to be independent of the curves and consist
of a finite union of intervals. We let Oj;(¢) denote the indicator of the curve Xj; being observed at
time 7. Similarly, let Uj; (s, t) indicate observation at times s and ¢, i.e., Uji(s, 1) = O;;i(s)O;; (2).

The mean p; of group j can be estimated by the cross-sectional average

1y
() = Z 0i(OXi(t) (i =0,1),

where N;(t) = Z:”: 1 0ji(1) is the total number of observed curves in group j at time 7. The
covariance kernel p (s, ) can be estimated by the empirical covariance using pairwise complete
observations of groupwise centred curves. Formally, the estimator is

M (s, 1) p1(s, 1) + Ma(s, 1) pa(s, 1)
M (s,t) + My(s, 1)

p(s,t) =

where M;(s, 1) = 7’:1 Uji(s,t) and

L5020} . .
W ; Uji (s, O{X;i (8) — st () HXGi (£) — jse () }

ﬁj(sa t) =

with st () = g (s0=0/M (s, DV Y01 Uji(s, D.XGi(s). If Ni(t) = 0 or Mj(s, 1) = 0, the esti-
mators are defined as [1;(f) = 0 or p;(s, 1) = 0, respectively. This happens with asymptotically
vanishing probability under Assumption 1 below.

Suppose that the new independent curve to be classified, Xyew, is observed on the domain
Ohew- Let us fix the target domain Z C Oyey on which we aim to apply the classifier to Xpey. The
empirical classifier C 7 trained on partially observed curves is defined like the theoretical one,
with unknown quantities replaced by their estimators. It assigns Xpew restricted to Z to the class
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C (Xnew) = 17 T (Xnew) >0}’ where T (Xnew) = (Xnew — i, ) { L, ). Here L = (Lo + f11)/2
and = i1 — flg, with M] being the estimators defined above restricted to Z. The projection
direction v is one of glAf 1/A/PC or 1@ constructed respectlvely by conjugate gradient, principal
component or ridge regularization applied to i and % where Z is the integral operator with
kernel p(s, t) introduced above, restricted to Z x 7.

All methods discussed in the previous section can be formulated in terms of the population
parameters, i.e., the mean difference and covariance operator, and not in terms of individual
observations in the training set. The population parameters can be consistently estimated by
averaging individual observations, whereas temporal averaging of individual curves, for example
in inner products, is impossible due the incompleteness of the observed functions. In particular,
the conjugate gradient method can be applied to fragmentary training data, whereas the usual
algorithms for multivariate or functional partial least squares, such as those in De Jong (1993),
Hastie et al. (2009, Algorithm 3.3) and Delaigle & Hall (2012b, § 4.2 and Appendix A.2), involve
the computation of certain scores, i.e., inner products, for individual curves.

3.2. Asymptotic behaviour along the empirical regularization path

We aim to study the behaviour of classifiers on incomplete training samples of increasing
size with decreasing amounts of regularization. Previous asymptotic results in related settings
include those of Delaigle & Hall (2013), who established the consistency of empirical principal
component classifiers based on partially observed training data. In the setting of complete curves,
Berrendero et al. (2018) used dimension reduction regularization by evaluation of curves at
a finite set of arguments; they proved consistency of the empirical version but did not study
the asymptotics for decreasing amounts of regularization, i.e., they did not consider letting the
dimension grow. Baillo et al. (2011a) studied optimal classifiers for Gaussian measures based on
Radon—Nikodym derivatives and investigated the performance of their empirical version in the
special class of processes with triangular covariance functions. In contrast, all of our methods,
including the ridge approach not considered previously, have been developed for fragmentary
training samples and shown to achieve the Bayes error rate for general Gaussian processes along
the empirical regularization path, as we now explain.

The following assumptions will be needed for the derivation of asymptotic properties of
empirically trained regularized linear classifiers.

Assumption 1. The distributions in groups j = 0, 1 satisfy Ep, (||.X 14 < oo.

Assumption 2. For a domain Z, there exists § > 0 such that the observation patterns in training
samples j = 0, 1 satisfy, as n; — oo,

sup pr{n; ' Mj(s,0) > 8} = O(n;?).
(s,)eZxT

Assumption 1 guarantees the consistency of the empirical mean and covariance operator for
samples of completely observed curves; see, for example, Bosq (2000) or Horvath & Kokoszka
(2012). Kraus (2015, Proposition 1) showed, under the additional Assumption 2 with 7 equal to
the entire domain of the curves, that the root-n consistency of the sample mean and covariance
restricted to Z continues to hold in the fragmentary setting. In particular, it follows that || ;lj —

—1/2
will = Oy
||,@ — Zllooc = Opl(ng + n1)~ 12}, where | - || is the operator norm. When 7 is a subset of

) and hence ||t — u| = 0p(n_1/2) for n = min(ng,n1) — o0, and also that
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the domain, analogous results hold for the restrictions of the functions and integral kernels to
7. Assumption 2 means that at all pairs of time-points there is an asymptotically nonnegligible
fraction of observed values. Assumption 2 is less restrictive than the requirement that there be
complete curves in the sample. It can be satisfied, for example, in situations where the observed
curves consist of several shorter fragments. If the assumption is not satisfied because the data
contain only one short fragment per curve, other estimation methods can be used; see, for example,
Delaigle & Hall (2016) and Descary & Panaretos (2019).

We now study the asymptotic behaviour of the empirical classifier when the number m,, of
steps of the conjugate gradient algorithm grows as the training sample size grows. Under cer-
tain conditions on the regularization path, we establish the convergence of the misclassification
probability of the conjugate gradient classifier trained on collections of functional fragments to
the same optimal limit as for the theoretical conjugate gradient classifier with an infinite training
sample, regardless of whether the limiting error rate is zero or positive and regardless of whether
the limit can be theoretically achieved exactly or along the path.

THEOREM 1. Suppose that Assumption 1 holds. Assume that n = min(ng,n;) — 00 and
my, — oo in such a way that m, < Cn'/? for some C > 0 and
—1/2 -1 n -1 -3

P Iy ™ N+ w,? — 0, )

n

n

where wy,, is the smallest eigenvalue of the m, x m, matrix H with entries hj. = { kj, Z«y) for kj =
B~ and the my-vector y ™) is defined as y ™ = H~'d with d being the my,-vector having
components di = (u,k;). Then the misclassification probability of the empirical regularized
linear classifier based on 1/},55’ converges in probability to the optimal misclassification probability
L= @12~ ul/2).

Condition (4) guarantees that the number of components does not grow too fast in relation to
the growing number of training observations and to the increased ill-conditioning of the theoret-
ical problem. Condition (4) is analogous to (5.10) in Delaigle & Hall (2012b) for partial least
squares. The vector ¥ ") contains the coefficients of the theoretical regularized solution @//,SHG
with respect to the non-orthogonal basis k1, .. .,k;, of the Krylov subspace K,,, (Z, 1), i.e.,

Ym, = Z]'.’;”l Y " k;. The eigenvalues of H are called the Ritz values in numerical analysis. For
details on connections with partial least squares see Lingjeerde & Christophersen (2000).

In the proof given in the Appendix we use the results of Delaigle & Hall (2012b) on the
consistency of partial least squares regression for functional data. These results were obtained
for situations that differ from our setting in several ways. In particular, we work with functional
fragments instead of complete curves, the conjugate gradient path differs from partial least squares
regression, e.g., in the group centring in the estimation of the covariance, and we do not require that
the population inverse problem, Zv = u in our context, have a solution. However, inspection of
the underlying technical arguments in Delaigle & Hall (2012b) shows that appropriate analogous
results can be obtained and used in our setting, as we explain in the proof.

Next, we show that the empirically trained principal component classifier with an increasing
number of components asymptotically achieves the optimal misclassification probability.

THEOREM 2. Suppose that Assumption 1 holds. Assume that n = min(ngy, n1) — 0o and m, —
oo in such a way that )‘31;1” — o0 and Azmnn(z;":"l aj)_2 — 00, where a; = 23/*(0; — )~}
and a; = 23/2max{()»j_1 — )»j)*l, (A — )W_l)*l}forj = 2,3,.... Then the misclassification
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probability of the empirical regularized linear classifier based on 1/7,];5 converges in probability
to the optimal misclassification probability 1 — ® (|2~ /? || /2).

The conditions on the principal component regularization path are the same as in the case of
functional principal component regression (Cardot et al., 1999). Unlike in the functional linear
model, it is not assumed that the inverse problem has a solution, since the goal is not to estimate
the possibly nonexistent bounded linear regression functional.

Finally, the empirical ridge classifier with finite training data asymptotically attains the same
optimal error rate as its theoretical counterpart. Unlike for the conjugate gradient and principal
component classifiers, the conditions on the ridge path classifier do not involve parameters of the
distributions because no subspace is constructed.

THEOREM 3. Suppose that Assumption 1 holds. Assume that n = min(ng,n;) — 00 and
on — 0+ in such a way that aﬁn — 00. Then the misclassification probability of the empirical

regularized linear classifier based on 1/}0%7 converges in probability to the optimal misclassification
probability 1 — (|2~ 1| /2).

3.3. Selection of the regularization parameter

The regularization parameter can be selected by minimizing an estimate of the misclassification
probability. We use leave-one-out crossvalidation. The Supplementary Material provides details
of crossvalidation in the presence of incomplete curves. The best value of the regularization
parameter is searched for over a grid of values, such as the values corresponding to integer
degrees of freedom up to some maximum value. The number of degrees of freedom for the
subspace methods is the dimension of the subspace, and for the ridge method it is defined as
the trace of (QAZ’ + af)_lf/&z’, ie., Z’.’ff’” i//(ij + o) where ):j are the eigenvalues of %. The

. J .
maximum number of degrees of freedom we use is one fifth of the number of curves.

4. DOMAIN SELECTION

To classify the new curve Xpew observed on Opew, We apply the classifier on the target domain
T C Ogpew, the choice of which we now consider. One possibility would be to restrict attention
to the intersection of the observation domains of all curves, say Zy, if it is nonempty. An obvious
drawback of this approach is that one can lose discriminatory power because any differences
between the classes may be more pronounced outside Zp. An advantage of our approach is its
capability of working with incomplete curves, since the empirical construction of the projection
direction requires only the estimation of © and % on the target domain. Hence one can look at a
domain larger than Zy. A natural choice is the largest subset of Oy that contains enough data
for estimation of the classifier, i.e., satisfies Assumption 2, and contains enough functions for
validation in the crossvalidation procedure, i.e., has a sufficiently large set V. In this way one
hopes to capture the widest range of shapes of the group difference. On the other hand, it could
be that not even this maximal domain, Z™#*, will lead to the best classification accuracy, because
one includes more uncertainty in the estimation due to the missing values and because the mean
difference may not be important in the added part of the domain. Therefore, it seems reasonable
to also consider intermediate choices between Zy and Z™#*.

Here we present a domain selection strategy for the most common case of interval observation
sets. The idea, worked out in detail in Stefanucci et al. (2018), is to construct the classifier on a
series of intervals that range from the common domain Zy to the maximal domain Z™* | extending
the working interval by a fixed percentage at each step. More formally, we consider a sequence
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of nested intervals Zo C Z; C --- C Zy C --- C Ixg = I™, starting from Zy and ending in
Zx = I™% and build the classifier on each interval. The regularization parameter for the kth
domain is selected by crossvalidation as described in the Supplementary Material. Among these
K + 1 candidates we select the one that minimizes the crossvalidation estimate of error.

The search strategy can be extended by considering larger systems of candidate domains; for
example, one could vary the two endpoints independently. The idea can be generalized to other
situations, such as non-interval observation sets, multivariate functional data or functions indexed
by multivariate arguments. In each situation one needs to define a meaningful system of domains
and optimize the crossvalidation score over the system.

5. SIMULATIONS

5.1. Behaviour of regularized classifiers on complete data

In this section we illustrate the behaviour of the three estimators of i in different settings.
We consider Gaussian processes on [0, 1] with covariance kernel p (s, f) = exp(—|s — #/?/0.01)
and mean function depending on the group label. Group 0 has mean w(#) = 0 in each setting.
Group 1 hasmean 1 (f) = ju(t), for which we consider eight different forms: (i) ¢z, (ii) c(t—0.5)?,
(iii) c(t—0.5)3, (iv) ¢ sin(201), (v) cg1 (1), (Vi) coro(t), (vii) cb(t; 5,5), and (viii) cb(t; 2, 6), where
¢; 1s the jth eigenfunction of the kernel p and b(#; a, B) = 1*~1(1 — 1)#~1 is the beta density. In
each case the parameter c is selected to yield a reasonable misclassification rate.

In each of 5000 repetitions we generated 50 curves from each group and evaluated them
on a grid of 100 equispaced points in [0, 1]. We also generated a new observation that could
arise from group 0 or group 1 with equal probability. Then we constructed the regularized clas-
sification direction by the principal component, conjugate gradient and ridge methods with m
degrees of freedom and predicted the label of the new observation. We consideredm = 1, .. ., 20,
corresponding to a reasonable minimum of five observations per degree of freedom.

Figure 1 shows the misclassification proportion over the 5000 repetitions as a function of m for
the eight different choices of 1t (¢). As expected, the conjugate gradient method performs well in all
settings and is not much affected by the shape of 1 (¢). By contrast, the performance of the principal
component classifier depends strongly on w(¢). To see this, consider the two extreme situations in
settings (v) and (vi). The classification error of the principal component approach is close to that of
the conjugate gradient method in case (v), where w1 (¢) is the first eigenfunction, but is much higher
atlower dimensions in case (vi), where . (¢) is the tenth eigenfunction. In the latter case, the princi-
pal component method reaches the same level of error as the conjugate gradient method only when
m = 10 or more. These findings agree with Proposition 2 and with the conclusions of Delaigle &
Hall (2012a) and Febrero-Bande et al. (2017), who pointed out that principal components need
more degrees of freedom than partial least squares to achieve good performance. In this regard
ridge regularization seems to lie between the two subspace methods, but is more similar to the
conjugate gradient method in most cases. In particular, it does not completely fail at low degrees of
freedom in case (vi), because it does not construct a subspace that could miss the important infor-
mation; however, it also suffers in this situation, where w(¢) is on the tail of the spectrum, because
ridge penalization shrinks higher-index spectral components more than lower-index components.
Nevertheless, with sufficiently many degrees of freedom, the three methods behave similarly.

Additional simulation results, reported in the Supplementary Material, show that similar con-
clusions can be drawn when functions have nonsmooth trajectories and that the capability to
discriminate between two groups with different means is robust with respect to the assump-
tion of equal covariances. Results for increased training sample size are also provided in the
Supplementary Material.
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Fig. 1. Misclassification rate (%) versus degrees of freedom for different forms of w(¢): (i) linear, (ii) quadratic,
(iii) cubic, (iv) sinusoidal, (v) first eigenfunction, (vi) tenth eigenfunction, (vii) symmetric beta, and (viii) asymmetric
beta. The different curves represent the principal component (solid), conjugate gradient (dotted) and ridge (dashed)
classifiers.

Table 1. Misclassification rates (%), with standard errors in parentheses, achieved by clas-
sifiers with degrees of freedom selected by crossvalidation in the different settings; for each
classifier the numbers in the second row are the minimum misclassification rates

(i) (i) (iii) (iv)
PC  13.0(0.34) 83(0.28) 1.3(0.11) 2.5(0.16)
8.1 6.1 0.1 22
CG  86(028) 6.5(0.25 0.7(0.09) 2.1(0.14)
8.1 5.7 0.1 2.1
R 8.4(028) 7.7(027) 0.7(0.09) 2.2(0.15)
7.9 6.5 0.2 2.0

PC, principal component classifier; CG, conjugate gradient classifier; R, ridge classifier.

7.2
24
2.6
2.2
24
23

™) (vi)

0.26)  7.6(0.27)
7.4

0.16)  7.8(0.27)
7.2

0.15)  7.9(0.27)
73

(vii) (viii)
10.7(0.31)  26.2(0.44)
6.1 20.4
6.1(0.24) 20.9(0.41)
5.7 19.9
6.1(0.24) 20.8(0.41)
5.7 20.0

5.2. Performance of crossvalidation for selection of degrees of freedom

We used simulation to investigate the performance of leave-one-out crossvalidation in choosing
the correct level of regularization. The settings were the same as in § 5.1, but classification was
done using the number of degrees of freedom selected by leave-one-out crossvalidation. We
summarize the classification errors in Table 1. Crossvalidation performs well as a selector of the
best level of regularization since the misclassification rate in Table 1 is in each case close to the
corresponding minimum error in Fig. 1. The principal component method appears to perform
worst, while the conjugate gradient and ridge methods have comparable performance. The latter
two methods nearly achieve the respective minimum errors. Table 2 reports the mean and median
selected degrees of freedom. The principal component method often uses considerably more
degrees of freedom than the other methods. This is particularly interesting in case (v), where the
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Table 2. Mean and median (in parentheses) degrees of freedom selected by crossvalidation
() (i) (iif) (iv) V) (vi) (vii) (viii)
PC 8.2 (7) 14.3 (15) 9.9 (9) 10.9 (10) 4.6 (4) 11.9 (11) 5.3 (4) 8.6 (6)
CG 54(3) 10.7 (11) 3.4(2) 45(2) 24(1) 49 (3) 27 (1) 8.6 (7)
R 6.4 (3) 11.6 (13) 6.0 (3) 6.1 (4) 27 (1) 9.3 (8) 3.4(1) 6.7 (3)

PC, principal component classifier; CG, conjugate gradient classifier; R, ridge classifier.
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Fig. 2. Misclassification rate (%) plotted as a function of the domain extension, for ©(f) being the (a) Be(2,6),

(b) Be(5,5) or (c) Be(6, 2) density for the principal component (solid), conjugate gradient (dotted) and ridge (dashed)

classifiers with selected degrees of freedom. Classification is performed on the domains [0, «] with u € [0.5,0.9], and
the error values are plotted against u.

mean difference equals the first eigenfunction and so one component should be the best choice
in theory. These results again illustrate the general phenomenon that the principal component
approach is inappropriate for inference about means due to the possible lack of informativeness
of the principal components about the mean and the extra uncertainty associated with their
estimation.

5.3. Missing data and domain extension

We now demonstrate the usefulness of the domain extension approach presented in § 4, using
Gaussian processes on [0, 1] with the same covariance as in § 5.1 and considering three scenarios
for the mean difference in the form of a multiple of a beta density, (a) b(¢; 2, 6), (b) b(¢; 5, 5) and
(c) b(¢; 6,2), which reflect situations where discrimination due to a peak is in the left, central and
right parts of the domain, respectively. We sampled 50 curves from each group on a sequence of
100 equispaced points in [0, 1]. Then we generated endpoints of the observation interval for each
curve from the uniform distribution on (0.5, 1); that is, each curve was observed between 0 and
the endpoint and treated as missing beyond the endpoint. The new observation had an endpoint
sampled between 0.5 and 1. So the first half of [0, 1], Zo = [0, 0.5], was the common observation
domain of all curves. We considered extensions of Zy to Z; = [0,0.5 4+ 0.05k] (k = 0,...,8).
For each interval of this form that was contained in the observation domain of the curve to be
classified, we estimated the classifiers, choosing the best degrees of freedom via crossvalidation,
and classified the new curve. This procedure was repeated 1000 times. We plot the behaviour of
the resulting classification error as a function of the endpoint of the extended domain in Fig. 2.

When the peak of the mean difference is in the left part of [0, 1], extending the domain does not
lead to better classification. In this case the interval where the means mainly differ corresponds
to the part of the domain where all the data are available, and inflating the domain only increases
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Table 3. Misclassification rates (%), with standard errors in parenthe-
ses, achieved by classifiers with domain and degrees of freedom selected
by crossvalidation in the different settings, the minimum and maximum
misclassification rates are given in square brackets
(@ (b) (©)
PC  18.1(038)[11.3,33.7] 11.9(0.32)[11.4,152] 31.1(0.46)[21.8, 46.0]
CG  19.6(0.39)[15.4,25.7]  7.4(0.26)[5.6,9.3]  30.4 (0.46) [19.2, 45.7]
R 22.4(0.42)[17.2,22.8]  6.9(0.25)[5.4,8.6]  28.4(0.45)[20.7, 45.9]

PC, principal component classifier; CG, conjugate gradient classifier; R, ridge classifier.

the uncertainty due to missing data. In the second case, the peak of the mean difference is
exactly at 0.5, and extending the domain leads to little improvement. The third scenario is the
opposite of the first, as the discrimination is mainly in the right part of [0, 1]. In this case,
extending the domain reduces the error considerably because good classification is only possible
by employing the right part of the domain. The classification error is about 45% when using only
7o, but drops to about 20% when using also the part of the interval where the data are partially
observed.

5.4. Performance with selected domain

Domain extension may or may not improve the performance of classifiers, depending on the
interplay between the form of the mean difference, the covariance structure and the missingness
pattern. In practice, the user is not an oracle with access to misclassification errors for candidate
subsets whose estimates are plotted in Fig. 2, and hence would select the best domain by cross-
validation. In Table 3 we report simulation results for classifiers with both domain and degrees
of freedom selected by crossvalidation, for the same configurations as in § 5.3. Selection of the
domain leads to a considerable improvement of the error rate compared with the worst-performing
domain. On the other hand, this improvement has some limitations and a gap remains between the
achieved value and the best value; this can be explained by the fact that crossvalidation provides
only an estimate of the error, not the true value.

6. ANEURISK DATA EXAMPLE

We apply the proposed method to the AneuRisk dataset from an interdisciplinary project aimed
at investigating the effects of blood vessel morphology, blood fluid dynamics and biomechanical
properties of the vascular wall on the pathogenesis of cerebral aneurysms. An introduction to
the data can be found in Sangalli et al. (2014b). This dataset has previously been analysed in
several works that focused on different methodological aspects, such as function and derivative
estimation (Sangalli et al., 2009b), exploratory analysis and classification (Sangalli et al., 2009a),
and alignment and clustering (Sangalli et al., 2014a), among others.

The data consist of measurements of the radius and curvature of the internal carotid artery in
a sample of 65 patients, 33 of which have an aneurysm at the bifurcation of the vessel or after it,
while the other 32 either have an aneurysm before the bifurcation, which is much less dangerous,
or are healthy. The goal is to classify the patients based on the morphology of their internal
carotid artery. In this example we work with only one of the observed variables, the radius. The
data have previously been pre-processed, registered and smoothed, and are observed on a grid of
2000 points in the interval [—100.3, 5.1], where the argument represents the distance between the
observation point and the terminal bifurcation of the internal carotid artery, with positive values
indicating points inside the skull. As we can see in Fig. 3, the data are partially observed because
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Radius (mm)

-100 -80 -60 -40 -20 0
Internal carotid artery arc length (mm)
Fig. 3. Radius along the carotid artery from the AneuRisk dataset, along with the
mean of the group of subjects with an aneurysm after the bifurcation (dotted) and the
mean of the group of subjects with an aneurysm before the bifurcation or without

an aneurysm (dashed). Curves for two example subjects are highlighted as solid
lines. Note the different start and end points for different subjects in the study.

the start and end points are different from subject to subject. All subjects are observed on the
subset Zy = [—32.9, —7.4], which corresponds to 24.3% of the whole domain.

We first apply the regularized linear classifiers to curves restricted to the common domain
TZo. The classification error estimated by crossvalidation is 29.2% for the principal compo-
nent method, 29.2% for the conjugate gradient method, and 32.3% for ridge regularized
classification.

We compare the above procedure with a different approach consisting of a multivariate clas-
sification method applied to principal component scores. The covariance kernel is estimated
from observations centred to their respective group means, its eigenfunctions are computed,
and quadratic discriminant analysis is applied to the inner products of the uncentred curves
with the eigenfunctions. This procedure is similar to that in Sangalli et al. (2009a). The best
classifier of this type turns out to exhibit a misclassification error of 32.3%, obtained with two
eigenfunctions.

These values show that in this dataset, when attention is restricted to the common domain Zy,
our proposed method is comparable to the more standard multivariate technique.

Next, we consider classification on extended domains including observed values outside the
common domain Zy. We build the sequence of domains Zy, . . . , Zx by enlarging the domain at each
step by 1.25% of the complement of Z. This step size is a compromise between the fineness of
the grid and the computational cost. We consider extended domains up to K = 40, corresponding
to Z40 = [—66.6, —1.2], because not enough subjects have observed values outside this interval
for reliable estimation and crossvalidation. All regularized linear classification methods benefit
from the domain extension; in particular, the error rate for the principal component method drops
from 29.2% to 23.2%, for the conjugate gradient method from 29.2% to 25.8%, and for ridge
regularization from 32.3% to 25%. The best domain is 719 = [—41.3, —5.8] for the conjugate
gradient method and 711 = [—42.2, —5.7] for the other two methods.

The alternative method based on multivariate classification of scores cannot be applied on
extended domains since the individual scores of incomplete curves cannot be computed, although
they can be predicted (Kraus, 2015). By contrast, the proposed methods are entirely formulated
in terms of distributional parameters, which can be consistently estimated from incomplete data,
unlike individual quantities.
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APPENDIX

Proof of Proposition 1
The misclassification probability for i, is D(y,,) given in (1). Since ¥, € S,,, we compute

()l (1, %, 1)
(Vs B2 (1, By Ry 1)

— = 1) Pul.

By Lebesgue’s monotone convergence theorem, the right-hand side converges to | % ~"?u||, finite or

infinite, and therefore the limiting misclassification probability that is attained along the regularization
path ¥,,, as m — oo,is 1 — ® (|22l /2).

Proof of Proposition 2

The conjugate gradient method minimizes the quadratic objective function in the Krylov subspace
K, (%, 1) whose elements are in the form n = ZT:—OI e #* 1w = p(#)u, where p is a polynomial of order
lower than m. Then n € K,,(Z%, 1) can be written as n = Z;; p(A)bye; with b; = (11, ¢;). The objective
function at n equals

(0, Zn) /2 — (1, n) = (p( B, Zp(Z) ) /2 — {1, p(R#) 1)

=Y b {p(y)*A/2 — p(h)}
_/; j j) J (Al)

i B2
=) L qplgn) —2},
P 2)\] J ]

where ¢g(A) = p(L)A is a polynomial of degree at most m such that g(0) = 0. The conjugate gradient method
seeks the polynomial with these properties that minimizes the objective function. To prove the proposition
we shall find a polynomial ¢ with the required properties such that the objective function above is smaller
than or equal to the objective function for the principal component classifier. The principal component

classifier uses ¥, = " | A, 'b;g;, and the objective function at ¥, is
(VS B 12— (s ¥, ) = — j (A2)
J

j=1
Consider the polynomial of degree m,

— A A—Anm
)"1 )"m

A
g =1—(=D"
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with g(0) = 0. We see that g(A;) = 1 forj = 1,...,m, so the first m summands in the series (A1) and
(A2) are equal. For j > m we have that 0 < g(};) < 2 due to the properties of the eigenvalue sequence; so
q(A){g(x;) — 2} < 0 and therefore the corresponding summands in the series (A1) are negative, whereas
they are zero in the series (A2). Hence, for this polynomial,

m 2

_f . ) — _ _J
22 g tg(h) — 2} < > 5
= Jj=1

and so the objective at the conjugate gradient solution must be smaller than or equal to the objective at
the principal component solution. The inequality between the minima of the quadratic objective function
implies the inequality between the misclassification probabilities stated in the proposition.

Proof of Proposition 3
Proceeding as in the proof of Proposition 1, we need to show that

b2 1
(/L’%oz_lrl'w _ Zj’i] )‘jﬁ i b/2 / _ “%—1/2 “
(R R WP oo M0 12 a0t \ =0y ) b
{ j=1 (xj+a)2} /=

where b; = (u, ¢;) is the coefficient of x in the eigenbasis. If Z ) b2 /A; < 00, the convergence follows
from Lebesgue’s monotone convergence theorem. Otherwise, we use the inequality >, s bf /O +a)? <

> 21 b7/ (3 + @) to bound the left-hand side expression from below by {3°=, b7/(3; + @)}"/?, which
diverges to infinity again by Lebesgue’s theorem.

Proof of Theorem 1
The probability of misclassifying a new observation using the conjugate gradient classifier based on 1/A/”CMG
is D(@CG) =1-®{Z (@SG)|/2} We need to show that the fraction in Z (@CG) converges in probability

to || %2~ 12 wll/2 along the regularization path satisfying the assumptions of the theorem. To deal with the
numerator in Z (1//CG), one can show that

(1 B50) — (1, ¥50) = Oy (n P, ly ™ |l 4+ 17 w,?). (A3)

This result follows from an analogue of (5.9) in Theorem 5.3 of Delaigle & Hall (2012b) and intermediate
results in the proof of that theorem which can be established in our context. The necessary modifications of
the proofs of Theorems 5.1, 5.2 and 5.3 in Delaigle & Hall (2012b) are as follows. All results remain valid
for incomplete instead of complete curves, because the proofs depend only on the root-n consistency of the
covariance estimators, which holds also for functional fragments (Kraus, 2015, Proposition 1). Moreover,
the derivations in Delaigle & Hall (2012b) can be repeated without assuming that the theoretical solution
¥ = %' exists as an element of L*>(7). Indeed, the proofs in Delaigle & Hall (2012b) are based on
stochastic expansions of 22y = % %~ 11, in our notation, about Z'v = % %' = %'~ 11 and derived
quantities, but the same steps can be followed for R ~! i about /! i in our setting. In other words, it can
be shown that IZI,SS and ;¢ converge to each other without assuming that % converges. Similarly, for

the denominator in Z (&,Sf’) we have that

(Vds B ) = (Yt s RUSC) = Op(n™ oo,y ™ + 17" w,?). (A4)

This last result is analogous to (7.27) of Delaigle & Hall (2012b), whose proof can be repeated with the
same modifications for our situation as before. Therefore, regardless of whether | %2~ || or |2~ || is
finite or infinite, the theoretical and empirical regularized quantities approach each other at the rates given
in (A3) and (A4). The result on D(lﬁnCmG) then follows as in the proof of Proposition 1.
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Proof of Theorem 2

We show that D(y*€) = 1—&{|Z(y*€)|/2} converges in probability to 1 — (|22~ /2||/2). The strategy
of the proof is similar to that of Theorem 3.1 in Cardot et al. (1999) for the principal component approach
to the functional linear model. The difference lies in the incompleteness of the functional data and in that
we do not assume that the underlying theoretical inverse problem has a solution. We write

1Wme = Vm | < N2y, — Zpy ool 2]l + 12, Nlooll 2 — pal.

Proceeding as in the proof of Lemma 5.1 in Cardot et al. (1999), we can show that

1%y, = P oo < g i |12 = Rle + 20, |12 — %’Iloozaj.

my m mn mp

Here A are the eigenvalues of 2% in descending order and ¢, are the corresponding eigenfunctions. In
estabhshmg the above inequality one uses the facts that |A -] < ||%’ 2|l and [|@; —sign{@;, ¢;))¢;|l <

aj||% ||, Which are known from Bosq (2000, Lemmas 4.2 and 4.3) for the empirical covariance
operator from complete curves but hold also for functional fragments; see the proof of Proposition 2 in

the supplementary document for Kraus (2015). Since | # — % || = 0,(n"'7?), we see that )AF; Ak % —
Rloo 13, = my 21 < 22, 1% — R = 1,20, (n~'/?). Since the probability of the event Doy < Ao, /2]

is bounded by kn,:O(n") and hence converges to 0, it follows that A,,! 2., ‘II% oo = 1,20,(n"'?).
Combining this with the facts that | 2| = O,(1), |%,, | = ,,! and ||,u ull = 0,(n"'7?) gives

Mmp
7 PC PC -2 —-1/2 -1 —1/2
[Wme — VeIl < A, 20,0 %) + A, Oy (n ™Y )Za,.
j=1

Similar arguments can be used in the analysis of the denominator in Z (1/};5). In conclusion, we obtain that
the estimation errors for the quantities in the numerator and denominator converge to zero at the rates

(i nS) = (a¥rS) = 1,20,(™) + 2,1 0,07 Y " ay, (A5)
Jj=1
(S, Rrp) = (Y s By ) = 2,20, (07 2) + 2,10, (n7') Y . (A6)

In light of (AS5) and (A6), the asymptotic behaviour of the misclassification probability is driven by the
behaviour of the theoretical classifier addressed in Proposition 1.

Proof of Theorem 3

We show that the fraction |Z (g@,‘;n)| converges in probability to |Z~
numerator we write

2111/2 as n — oo. For the
(o Uy — (B ) = (e (%, — B ) + (1 2, (e — ). (A7)

For the first term on the right we find that

A

(s (%) — B < ill8, — 22 Il
= |1l |, Ry — Ro) %5 N2

6102 JOQUISAON | | UO Jasn BAOpEd IP IPNIS BYSIOAIUN AQ €£/80G26/191/1/90 L ABNSTE-0]0IE/8WOIC/W00 dNO"dlWapeoe)/:Sdjy Woj papeojumoq



Classification of functional fragments 179
SN Moo | Py = Py a2, o N 2

-2 —1/2
<a;20,(n '),

since |2, oo < ;s 12, oo < 0, 20 = Op(1) and R, — Byl = 1% — Zlloc = Opf(no +

n 2 n 2

n1)~'/2} (Kraus, 2015, Proposition 1). For the second term on the right-hand side of (A7), we obtain
[, Z1 (= 1) < Nl 2, oo 2 = 1l < @ Op(n™172).

The quantity in the denominator of Z (1}}2’,) can be rewritten as

(s BVa) = (Vs B = (W, — Vs BU0) + (Vs Z (s, — W) (A8)
The first term on the right is

(o, — Vo BVE) = (Rl — Ty 1, R, 1)
= (R} Py = R R s RR) ) + ATy (0= 10, AF, ). (A9)

For the first summand in (A9) we have

(B, Ry — Roon) R 11, R, 0| < NN N 12N B, o6 | B — Rl

<
< a;20,(n™'7),

using properties mentioned previously and the fact that | ZZ,, 'loo < 1, and for the second summand
we have

(R (e — ), B, 1)) < NNBT, ool 25 ol — ] < ety Op ().

Putting these results together, we see that the absolute value of the first term on the right-hand side of (AS8)
is dominated by o, >0, (n~'/%). The second term on the right-hand side of (A8) can be analysed in a similar
way to the first two terms on the right-hand side of (A7) with Z%,, "1 in place of u. Thus we bound the
absolute value from above by «, >0, (n~'/?). These results imply that the estimation errors vanish at rates

(V) = (¥R ) = 0,20y,
<&£n<%l/}5,,> - (lﬁ;,%w;) =a,20,(n"'").

Hence the empirical classifier has the same limiting error as the theoretical one addressed in Proposition 3.
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