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Abstract Two adaptive nonparametric procedures are proposed to estimate the den-
sity of the random effects in a mixed-effect Ornstein—Uhlenbeck model. First a kernel
estimator is introduced with a new bandwidth selection method developed recently
by Goldenshluger and Lepski (Ann Stat 39:1608-1632, 2011). Then, we adapt an
estimator from Comte et al. (Stoch Process Appl 7:2522-2551, 2013) in the frame-
work of small time interval of observation. More precisely, we propose an estimator
that uses deconvolution tools and depends on two tuning parameters to be chosen
in a data-driven way. The selection of these two parameters is achieved through a
two-dimensional penalized criterion. For both adaptive estimators, risk bounds are
provided in terms of integrated IL2-error. The estimators are evaluated on simulations
and show good results. Finally, these nonparametric estimators are applied to neuronal
data and are compared with previous parametric estimations.
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1 Introduction

Stochastic differential models have been intensively surveyed in the theoretical litera-
ture with either continuous observations (e.g. Kutoyants 2004) or discrete observations,
both in the parametric field (e.g. Genon-Catalot and Jacod 1993) or in the nonparamet-
ric field (e.g. Hoffmann 1999; Comte et al. 2007). More recently, stochastic differential
equations with random effects have been introduced with various applications such
as neuronal modelling or pharmacokinetics (e.g. Picchini et al. 2008; Delattre and
Lavielle 2013; Donnet and Samson 2013). Mixed-effects models are used to analyse
repeated measurements with similar functional form but with some variability between
experiments (see Davidian and Giltinan 1995; Pinheiro and Bates 2000; Diggle et al.
2002). The advantage is that a single estimation procedure is used to fit the overall
data simultaneously.

Estimation methods in stochastic differential models with random effects have been
proposed, especially in the parametric framework (e.g. Donnet and Samson 2008,
2014; Donnet et al. 2010; Picchini et al. 2010; Picchini and Ditlevsen 2011; Delattre
and Lavielle 2013; Genon-Catalot, and Larédo 2016; Delattre et al. 2015). All these
parametric estimation methods of the density of the random effects are developed
assuming a known model on the density, which is often Gaussian. However, one can
wonder if this assumption is reasonable depending on the application context. We focus
here on the nonparametric estimation of the density of the independent identically
distributed random effects. To the best of our knowledge, the only references in this
context are Comte et al. (2013) and Dion and Genon-Catalot (2015). The first one
provides a nonparametric estimator of the density under restrictive assumptions on the
drift and diffusion coefficients. The second one studies the more general case of two
linear random effects in the drift. It provides a kernel estimator of the bivariate density
of the couple of random parameters. Assuming that the process is at its stationary
regime, the authors obtain I.>-convergence results.

The present work proposes two nonparametric estimation methods in the simpler
model, i.e. an Ornstein—Uhlenbeck stochastic differential model with one additive
random effect, X, the time scale parameter being assumed known. More precisely, we
consider N real valued stochastic processes (X;(¢),t € [0,T]), j =1,..., N, with
dynamics ruled by the following SDEs:

[de(t) - (qu _ X-jx")) dt + odW; (1)

X;0) =x;

ey

where (W;)1<;<n are N independent Wiener processes, and (¢;)1<j<n are N unob-
served independent and identically distributed (i.i.d.) random variables taking values
in R, with a common density f. The sequences (¢;)1<j<n and (W;)1<;<n are inde-
pendent. Here (xq, ..., xy) are known values. The positive constants o and « are
supposed to be known; in practice they are estimated from experimental data. The
estimation of o can be done using the quadratic variation of the process. The con-
stant « is a physical quantity. Picchini et al. (2010) give an estimator of « for the
Ornstein—Uhlenbeck model (1) where the likelihood function is explicit and one can
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compute maximum likelihood estimators. Each process (X;(t),0 <t < T) repre-
sents an individual and the variable ¢; is the random effect of individual j. Due to
the independence of the ¢; and the W;, the X ;(¢), for j = 1,..., N arei.i.d. random
variables when ¢ is fixed, also the N trajectories (X;(),0 <t <T),j=1,...,N
are i.i.d. Nevertheless, differences between observations are due to the realization of
both W; and ¢ ;. The Ornstein—Uhlenbeck model is very useful in practice: at first in
physics to describe the movement of a particle, then in the econometric field, or for
example in neuroscience to describe the membrane potential of a neuron.

The purpose of the present work is to build nonparametric estimators of the random
effect density f, considering that only the processes are observed on [0, T]with T > 0
given. In practice we consider discrete observations of the X ;’s with a very small time
step §. We are able to evaluate the error made by this discretization. The main difficulty
is that we do not observe the ¢;’s but only the X ;(k6)’s. Thus the first step is to find
an estimator of the random effects ¢; and then to estimate f, taking into account the
approximation introduced by the estimation of the ¢;.

In the context of stochastic differential equations with random effects, Comte et al.
(2013) propose different nonparametric estimators with good theoretical properties for
large T'. Here we adopt two different approaches. First we assume that 7 is large and
we propose a direct estimation method of the density from the estimator of the ¢;’s.
This is the kernel estimator. Then, assuming that 7 may be small (due to the chosen
units for example but still with high frequency data) we focus on the deconvolution
estimator.

The kernel estimator depends on a bandwidth to be chosen from the data. Several
selection methods of the bandwidth of kernel estimators are known. The originality
here is that we use a method, proposed by Goldenshluger and Lepski (2011), which
provides an adaptive estimator. This kind of non-asymptotic result is new in this
context.

Then we study an estimator built by a deconvolution method (see Butucea and
Tsybakov 2007; Comte et al. 2013, for example). The novelty lies in the introduction
of an additional tuning parameter to control the variance of the noise. The value of T
is then allowed to be small but we still need high frequency observation meaning a
small time step.

We obtain a collection of estimators depending on two parameters. To select the
final estimator among this collection, we extend the Goldenshluger and Lepski method
for a two-dimensional model selection (Goldenshluger and Lepski 2011). Finally we
have a consistent estimator satisfying an oracle inequality, for any value of 7. This
estimator is likely to be applied to experimental data with small 7.

We illustrate the properties of the proposed estimators with a simulation study.
Especially, we compare them with standard bandwidth selection method of cross-
validation type. Then, the estimators are applied to neuronal data. They are intracellular
measurements of the neuronal membrane potential between two spikes which can be
modelled with an Ornstein—Uhlenbeck model with one random effect as in (1). The
potential being reset at a fixed initial value after a spike, we consider that the measure
between two spikes is an independent experimental unit with a different realization
of the random effect. This assumption has already been considered with parametric
strategies in Picchini et al. (2008, 2010), where it is assumed that the random effect is
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Gaussian and proven that the Ornstein—Uhlenbeck model with one random effect fits
better the data than the model without them. Our goal is to estimate nonparametrically
the density of the random effect. This estimated density could be used in further works
to model this phenomenon (instead of using the Gaussian density systematically).

The paper is organized as follows. Section 2 is dedicated to giving definitions and
presenting the estimators investigated in this work. Then in Sect. 3 we set up a method
of bandwidth selection for the kernel estimator. In Sect. 4 we define and study the
final data-driven estimator built by deconvolution. In Sect. 5 we calibrate the selection
methods and illustrate the good performances of both estimators on simulated data.
In Sect. 6 we experiment the procedures on real data. We conclude this article with a
discussion in Sect. 7. All proofs are gathered in Sect. 8, and the computation of the
error made by discretization is done in “Appendix 1”.

2 Presentation of the strategies
2.1 Notation and assumptions

Let us introduce some notations. For two functions g; and g, in L' (R) N L2(R), the
convolution productof g and g, forall x € R,is g1*xg2(x) = fR g1(x—y)g2(y)dy and
the scalar product is: (g1, g2) = fR g1(x)g2(x)dx. Then the Fourier transform of g
is g} (x) = [ €"*g1(u)du for all x € R and the L?-norm is ||g1]|> = [ |g1(x)]*dx.
Finally we recall the Plancherel-Parseval’s formula: 27| g1 ||> = || I I12.

We assume (A) f € L2(R), f* € L'(R) N L%(R).

2.2 Initial idea

As previously mentioned, the first step of the procedure is to estimate the random
effect ¢; which are not observed, in order to recover their density, in a second time.
For this purpose, we introduce the following random variables for j = 1,..., N and
T €]0, T,

CX@ X0 - f; (—XfT(”ds)

Zic:
Js -

= ¢; + %W;(r). 2)

The (Z; ;). are estimators of the ¢; based on the trajectory (X;(¢)). They corre-
spond to the maximum in ¢ of the conditional likelihood of (1) given ¢; = ¢.
Moreover random variables satisfy E[Z; ] = E[¢;] and when T goes to infin-
ity, the noise o W;(7)/t goes to zero. This attests the goodness of the estimator.
Notice that the (Z; ;)j=1,.. .y are ii.d. when 7 is fixed, with density fz, , due to
the independence of (¢;) j=1,...ny and (W;) =1, . n. These new random variables are
available, depending only on the observations and known parameters. Nevertheless,
we only have discrete observations of the process. Thus we discretize the integral:

for X,ds =~ § Z/EZ]B Ix (k—1ys- The error due to this approximation is studied in sec-
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tion ‘Discretization’ of “Appendix 2”. At this point, two strategies materialize which
we explain in the following Section.

2.3 Estimation strategies

Let us present the two investigated methods.

Kernel strategy

The first idea is to reduce the noise which appears in formula (2). Indeed,
Var(cW;(t)/t) = o2/t leads to focus on the largest T: T = T. Moreover, when
T is large Z; r clearly approximates ¢; without needing to remove the noise. Then
we are able to build a kernel estimator of the density f of the ¢;’s based on the Z; r
using directly the Z; r as an approximation of the non-observed random effects ¢;.
These N random variables are i.i.d. and the resulting kernel estimator is given for all
x € R, by

N
-~ 1
fue) =5 D Kn(x = Zj1) 3)
j=1
where & > 0 is a bandwidth, and K : R — R is a C2 kernel such that

/K(u)du =1, |K|*= /Kz(u)du < +o00, /(K”(u))zdu < +o00,

K (x) = %K () @)

This natural estimator is studied in detail in Sect. 3.

Deconvolution strategy

The other idea is to build an estimator of f using all variables Z; ; for different
7 € [0, T'].Recovering f fromthe observations (X (?), ..., Xy (?))se[0,7]1s called the
deconvolution problem because the common density of (Z; ;) j=1,... v is aconvolution
product between two densities. Indeed, the two members of the sum (2) are independent
when t is fixed, which implies forall j = 1,..., N,

er (M) = f*f%W](T)(u)

Then the characteristic function of ¢ ; is recoverable from that of Z . Taking the Fourier
transform under assumption (A) gives the simple product

17, = Fr @) f2 () @),

uzaz . . . . . .
with fJ (u) = e~ 2r . In this particular case the noise is Gaussian and this con-
Wi (r)

volution problem has been investigated in the literature, see Fan (1991), Butucea and
Tsybakov (2007) for example. However it has been proven in Carroll and Hall (1988)
that the best rates of convergence obtained in this case are logarithmic. This suggests
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to improve the deconvolution procedure and this is the reason why we choose not to
use previous estimators but to propose a new method, based on repeated observations
and new parameters chosen carefully.

We have f*(u) = fz (u)e”z"z/ 2T Finally the Fourier inversion gives the closed
formula, for all x € R,

f(x) = %/ﬂ{e*i”xffr (u)e#du. (5)

Then, we estimate fé"r (u) by its empirical estimator f}"r (u) = (1/N) Zj»v:] etuZj
However, plugging this in formula (5) involves integrability problems. Indeed the
integrability of fz (u)e“ /2% i3 not ensured. Therefore, we have to introduce a cut-
off. The nonparametric estimation using a deconvolution method in the Gaussian case
commonly yields bad speeds of convergence. To improve the rates, an idea of Comte
and Samson (2012), for linear mixed models, was to link this cut-off and the time
of the process. Comte et al. (2013) link the time of the process t and the cut-off as
follows:

_ v v
e =5 / e Z 21 o5 ©
T

Then the time t is chosen by a Goldenshluger and Lepski’s method and the final
estimator is denoted j‘% Nevertheless, when t is small (which is the case for the real
dataset we investigate), the integration domain is not large enough, and the estimators
of f are not satisfactory (cf an explicit example in Sect. 6). We adapt Comte et al.
(2013) estimator to this small 7' framework. Indeed, to improve the previous estimator,
we introduce a new parameter s in the cut-off:

1 sV
ff (x) = / _”[x
fsf

Then, in order to simplify the theoretical study, we replace s54/7 in the integral by a
new parameter m. The resulting estimator fm s is defined when m? /s €10, T, by

’quTE 2T du

Mz

=

s 1 " iuZ u2o?s?
Ty = 5 [ e Z 22 du )

—m —

with m and s in two finite sets M and S that we will precise later.
In the following we survey in detail the two strategies.

3 Study of the kernel estimator
The kernel estimator given by (3) has been investigated in Comte et al. (2013). First

we recall the MISE bound that the kernel estimator fAh satisfies. Then we develop the
bandwidth selection procedure we are interested in in this work.
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3.1 Risk bound

Let us define f; := Kpxf, for h > 0. We denote for all p € R, [|[f], =
(f|f(x)|de)1/p and for p = 2 we still use || f]l2 = || fll. Notice that | K| =
||K||/\/Z and ||Kp|l1 = ||K||1. We recall the result proven in Comte et al. (2013) for
the MISE.

Proposition 3.1 Considering estimator ﬁl given by (3), we have

B[ 7 — 7171 < 21 f — ful? + 1KIE | 200170
- Nh 3T2h5

®)

The right-hand side of (8) involves three terms, and the middle one is the integrated
variance. The integrated bias is [|E[ f,]1— f1I> < 2Il.f — full> +2IE[fu] — £ |, with

O_4||K//|I2

IELT = fill® < =773

©)

Therefore, the first term || f — f3 |2 is a bias term, which decreases when h decreases.
The second term is the term of variance which increases when /& decreases. Finally,
the third term, also given in (9), is an unusual error term due to the approximation of
the ¢;’s by the Z; r also increasing when & decreases. We see on this bound that the
rate 02/ T must be small to obtain a small risk.

3.2 Adaptation of the bandwidth

Now that we have at hand a collection of estimators depending on a bandwidth %, we
focus on the crucial matter namely how to choose the bandwidth from the data. The best
choice of # is the one which minimizes the sum of these three terms. The selection of
the bandwidth can be done for example using cross validation, see e.g. the R-function
density which is commonly used. However, the only theoretical results known for
cross-validation procedure are asymptotic and to the best of our knowledge there is
no adaptive result on the final estimator. In the present work, we propose to adapt a
selection method due to Goldenshluger and Lepski (2011) mentioned before, which
provides a data-driven bandwidth for which we provide non-asymptotic theoretical
results.

We denote Hy 7 the finite set of bandwidths 4, to be defined later. The best the-
oretical choice of the bandwidth is the 2 which minimizes the bound on the MISE
given by (8). Nevertheless, in practice, the bias term is unknown, and this bound has
to be estimated.

To choose & adequately, we use a Goldenshluger and Lepski’s criterion introduced
in Goldenshluger and Lepski (2011). The idea is to estimate || f — f||> by the L2-
distance between two estimators defined in (3). But this induces an error which has to
be corrected by the variance term. Then the estimator of the bias term is
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Aw = swp (I fuwr = ful® = V) (10)
WeHn.T +

where
|
Fu ) = K fu () = <= > KK = Zji7)
j=1
and V correspond to the two terms of variance

IKITIK ot IKITIK" I

Vh) =
(h) =Ky N K2 203

(1)

with k1 and «; two numerical positive constants. We will prove that A (k) has the order
of the bias term (see Eq. (24)). Finally the bandwidth is selected as follows:

7 = argmin {A(h) + V(h)} (12)
hE'HN,T

1
with Hy 7 a finite discrete set of bandwidths / such that 2 > 0, Vi <1, T2 <1
and Card(Hy,7) < N. It must be chosen such that when N goes to infinity, for

allc € C ZheHN,T h=1/2¢=c/Vh < S(c¢) with S(c) a positive constant depending
on c. For example notice that taking Hy 7 = {1/k2,k =1,..., \/ﬁ}, the sum
D heHy 7 h=1/2¢=c/Vh < 2 ke=* converges, which is a necessary condition for
the proof.

Then we can prove the following Theorem.

Theorem 3.1 Consider estimator ﬁl given by (3) with h € Hy. 1. Then, there exist
two penalty constants k1, k3 such that

22 - a2 (&}
B~ fIP1 = Cyy inf {If = fil® + VD) +

where C1, Cy are two positive constants such that C; = max(7, 30| K II% +6) and Co
depends on || fI, 1K I, K1, 1K ll4/3.

The theoretical study gives k; > max(40/||K||2, 40) and x» > max(10/3, 10/
(3K ||%)). But in practice these two constants are calibrated from a simulation study
(and always smaller than the theoretical ones). Theorem 3.1 is an oracle inequal-
ity: the bias variance compromise is automatically obtained and in a data-driven and
non-asymptotic way.

This strategy requires large 7" as we assume 1/A> < T2, The error implied by the
discrete observations and the use of Riemann sums to compute the Z; r are detailed
in Comte et al. (2013).
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4 Study of the deconvolution estimator
4.1 Risk bound

Let us emphasize that the estimator fm,s given by (7) depends on two parameters which
have to be selected from the data. This is not usual in the deconvolution setting, where
only one cut-off parameter is often introduced. The selection of these two parameters
(m, s) among the finite sets M, S is thus more difficult. It is even more challenging
here because the cut-off m appears both in the integral and in the integrand. But this
will induce gains in the rates of the estimators. Before proposing a selection method
of (m, s) we start by evaluating the quality of the estimator with the mean integrated
squared error (MISE):

E [ fms = £I2] = 1f = ELfm s +E [ 1 ons — ELfms1IP]

In Proposition 4.1 we prove that E[ ﬁ,,,s] = fm where f,, is defined by its Fourier
transform

f;:; = f*l[—m,m]-

It means that the bias does not depend on s. We obtain the following bound on the
MISE of f, 5.

Proposition 4.1 Under (A), the estimator f;n s given by (7) is an unbiased estimator
of fm and we have

_ 1
B[1ns = 1] = W = $P+ 25 [ e a. (13)

The proofs are relegated to Sect. 8. Let us look at the risk bound. The first term of the
bound (13) is the bias term. It represents the error resulting from estimating f by f,
and it decreases when m increases, indeed:

1
I fn — fIF = — | £*(u)|2du.

27 Jjuj=m

The second term is the variance term, and it increases with m and s. One can notice
that it is bounded as soon as s is bounded and m < N.

We specify the two sets M and S. We notice that the quality of the estimate in the
Fourier domain is good on an interval around zero with length related with o. The
chosen set for s is
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928 C. Dion

Notice that for s; € S, 1/ 2P-1 < os; < 2. Moreover with this chosen collection S,
the order of the variance term is m /N . With the idea that m?/s? is homogeneous to a
time, we choose m in the finite collection:

VkA
M:=[m=—,keN*,O<m§N]
o

with 0 < A < 1 a small step to be fixed. The collection of couples of parameters is
C:={(m,s) e M xS, m?/s*<T).

The final estimator is the estimator from the collection C which achieves the bias-
variance compromise. Choosing the final estimator is not an easy task except if we
know the regularity of f. Indeed, let us assume that f is in the Sobolev ball with
regularity parameter b, i.e. f belongs to the set defined by

Ap(L) = [f e L'(R) ﬂLZ(R),/ Lf* )2 (1 4 xH)Pdx < L]
R

with b > 0, L > 0. For example the standard normal distribution is in a space A (L)
for some L and for all b > 0, an exponential distribution is in some A (L) forb < 1/2
or more generally a Gamma distribution with shape parameter & is in some .4, (L) for
b < (k —1/2). Thus when f € Ap(L), the bias term satisfies:

1 L
I fn — FII> = — | f*w)|Pdu < —m™2,
2 2

|u|>m
Consequently, the L2-risk of f,’m is bounded by

~ L m 2.2
E [ = f17] = gom™ + 2o,

Therefore, the best theoretical choice of s is sp the smallest s in our collection, and
1

with Kj, = (bL exp(—1/(22(P=1))1/@b+1) Then we obtain the following asymptotic
result.

Corollary 4.1 If f € Ap(L), and if we choose s = sp and m = m*, there exists a
constant K depending on b, L, P, such that

~ 2 _ . 2b
E[Wfmesr = f17] < KN7751.
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The order of the risk in this case is N ~22/2*D foralarge N, and it is the nonparametric
estimation rate of convergence obtained when the observations are N realizations of
the variable of interest. Nevertheless, it is not easy to see that (m,s) € C and this
choice is theoretical because it depends on the regularity b of f, which is unknown.
The next section provides a data-driven method to select (m, s).

4.2 Selection of the final estimator

In this Section we deal with the choice of the best estimator among the available
collection of ﬁn,s. In the previous work Comte et al. (2013), s was fixed to s = 1 and
m was selected. But we saw empirically that it did not work in the setting corresponding
to the data. This is why we experimented different values for s. But then we did not
find any reliable criterion to select m for any given s. On the contrary, if we look
at the bound and try to select s first, we just get s = 0, which is not of interest
if we are looking to improve the estimator through s in particular. This implies to
select the couple (m, s) minimizing the MISE and realizing the compromise between
the two terms, in a data-driven way. This is a crucial issue. Indeed, the role of the
two parameters is not the same. Thus we propose a new criterion adapted from the
Goldenshluger and Lepski (2011) method.

The idea is to select the couple which minimizes the MISE: E [|| fm s—f ||2]. Asit
is unknown, we have to find a computable approximation of this quantity. We define
the best couple (m, s) as the one minimizing a criterion defined as the sum of a squared
bias term and a variance term called penalty. We define the penalty function, which
has the same order as the bound on the variance term:

m 0,25,2
pen(m, s) _/cNe ,

where k is a numerical constant to be calibrated. Note that form € M and s € S, the
penalty function is bounded.

To estimate the bias term, we generalize Goldenshluger and Lepski’s criterion for
a two-dimensional index. The method is inspired by the ideas developed for kernel
estimators by Goldenshluger and Lepski (2011) and adapted to model selection in one
dimension in Comte and Johannes (2012) and in two dimensions by Chagny (2013).
The idea is to estimate || f — f,, ||> by the L2-distance between two estimators defined
in (7). But this induces a bias which has to be corrected by the penalty function. We
consider the following estimator of the bias, with (m’, s") A (m, s) := (m’ Am, s’ As),

Fm,s = max (”ﬁn’,s’ - ]’F(m’,s’)A(m,s)”2 - Pen(m/, S/))+ (14)

m’,s"eC

for (m, s) € C. Finally the selected couple is:
(m,s) =arg min {I}, s+ pen(m, s)}. (15)
(m,s)eC
We are now able to obtain the following result.
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930 C. Dion

Theorem 4.1 Under (A), consider the estimator ﬁ;; given by (7) and (15). There
exists ko a numerical constant such that, for all penalty constants k > kK,

- . C'(P+1
B[1fs = £ < € it {1 = ful? +pencn o)} + SEEDqae)

where C > 0 is a numerical constant and C' is a constant depending on | f |, o, A,
and P + 1 the cardinality of S.

The key of the proof is to prove that

/!
ElLns] < 1817 — ful?+ 0D
(see the proof in Sect. 8.3.) Inequality (16) means that f',ﬁ; automatically makes the
bias-variance trade-off. Moreover, our result is of non asymptotic nature w.r.t. N.

One should notice that this new parameter s generalizes the results of Comte et al.
(2013) even if T is large. We choose the two parameters in an adaptive way, thus this
gives more flexibility in the choice of the estimator.

It follows from the proof that k9 = 24 would suit. But in practice, values obtained
from the theory are generally too large and the constant is calibrated by simulations.
Once chosen, it remains fixed for all simulation experiments. Besides the cardinality
P of the set S is chosen small in practice (P = 3 or 10 for example).

In the section ‘Discretization’ of “Appendix 2’ we investigate the error implied by
the discrete observations and thus of the discretization of Z; ; given by (2).

5 Simulation study

In the following section we compare on simulations the two procedures we compute
fh and fm 5, the estimator of Comte et al. (2013) f~ and we compare our bandwidth
selection method with the estimator from the R-function density with the cross-
validation argument bw = ucv, onthe Z; 7, j = 1,..., N, we denote it ﬁv.

We simulate data by computing the exact solutions of (1) given by It6’s formula,

t
X;(t)=X;0)e " +¢ja(l —e ") + ae—’/“/ UdWi(s)  (17)
0

at discrete times t; € 7 := {kd8,k € {0, ..., J}, J& = T}. For the simulation study,
we have to fix N, 4§, T, o, «, and the density f. We take o = 0.0135, 0.05, 1 and
o = 0.05, « = 0.039, 1, 39. For the time 7', we choose T = 0.3, 10, 50, 100, 300
with different values of § the discrete time step at which observations are recorded.
The value of J, the number of observations for one trajectory ranges from 150 to
5000 for Table 1 and is fixed to J = 2000 for Table 2. All these parameter val-
ues are chosen in relation with the parameters of the real dataset. In this study we
hope to highlight the influence of each one. For f, we investigate four different
distributions:
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e Gaussian distribution A (0.278, (0.041)2)

e Gamma distribution I"(1.88, 0.148)

e mixed Gaussian distribution 0.3/ (0, (0.02)2) + 0.7N (1, (0.02)2) (denoted M-
Gaussian)

e mixed Gamma distribution 0.47" (3, 0.08)+0.61" (30, 0.035) (denoted M-Gamma)
where we write I"(k, 6) with k the scale parameter and 6 the shape.

First, we implement the two collections of estimators: j‘% and fﬁ; We begin
by computing the random variables used by both estimators: Z; . given by (2),
with Riemann sums approximations (see section ‘Discretization’ of “Appendix 2’
for details). For the deconvolution estimator given by (7) we also use Riemann
sums to compute the integral. For the collection of m, we choose A = 0.08 and
8 changes. Furthermore, for the kernel estimator given by (3), we choose a Gaussian

kernel: K(u) = (1/«/27'[)6‘_“2/2. In this case |[K|; = 1, ||K||% = 1/Q2J7),

IK"II13 = (14 1/v/2)/(+/27).
Then, the selected bandwidth 7 is given by Eq. (12). Note that for all (h, k') € H?2,

1 y
Kh'*Kh (_x) = —e—xz/[Z(h 2+h2)]‘

V2 W2 + h?

We use this relation to compute the ﬁ, -

Secondly, we have to calibrate the penalty constants: k1, 2 for the kernel estimator
and « for the deconvolution estimator. Classically, the constants are fixed thanks to
preliminary simulation experiments. Different functions f have been investigated with
different parameter values, and a large number of replications. Comparing the MISE
obtained as functions of the constants «1, k2 and « yield to select values making a
good compromise over all experiments. Finally we choose k1 = 1, ko = 0.0001 and
k = 0.3. A recent work Lacour and Massart (2016) proposes to change the calibration
constants in the variance term V (h): taking « in the term I, 5y (14) and 2« for the
second V (k) in the selection criterion (12). It has been done in practice for the kernel
estimator. We notice that this strategy produces very good results in practice, better
than choosing the same « for the two apparitions of term V' (h). On Fig. 1 25 estimators
fh are plotted and on Fig. 2 25 estimators f7 5, for the 4 investigated densities f . The
batch of estimators is close to the estimated density.

In order to evaluate the performances of each estimator on the different designs,
we compare their empirical MISE computed from 100 simulated data sets.

Table 1 summarises the results for different parameters values. It shows the bad
performances of the estimator of Comte et al. (2013) f> when T is small compared
to fi 5. It performs clearly better when T is increasing. Besides we notice that both
kernel estimators have good results. Nevertheless these results are satisfying because
it appears that our estimator fh fits slightly better the true density than fcv The
computation time is close for both selection method. We show the results for different
values of o do not seem to influence the quality of estimators (while the selected
h,m, s are very different). During the simulation study, we noticed that the parameter
« is important is the sense that when the value of « does not have the same order as
the values of ¢, the estimation is harder. Except when 7" = 300 the ratio signal noise
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Fig. 1 Simulated data. In plain red (black) 25 estimators j% with parameters: N = 240, T = 0.3,8 =
0.00015, 0 = 0.0135, & = 0.039 and the true density f in plain bold black line. a f Gaussian, b f mixed
Gaussian density, ¢ f Gamma and d f mixed Gamma density

which is the standard deviation of the random effect divided by o is larger than one
thus the settings are favourables. But for both Gamma and mixed Gamma cases, the
standard deviations are respectively 0.2 and 0.15, which is not small compared to o or
to their mean. The mixed Gamma case is difficult for the nonparametric estimation:
Fig. 3 illustrates the performances of estimators for this choice. Finally, it is interesting
to note that when the standard deviation of the random effect of interest has a larger
variance, the density estimation is easier, which is the case of the chosen Gamma
density for example compared with the Gaussian case.

In the following as the two kernel estimators seem very close, we only show the
results for ﬁ which is of interest here. Besides we no longer investigate the previous
estimator fz in light of Table 1 for T < N.

We further compare J/C’;; and f:ﬁ; The two estimators seem close to the true density
on graphs, see Figs. 1 and 2. In Table 2 on the MISE it is clear that the kernel estimator
is the best. Furthermore, we can point out some differences. The first row of the Table
corresponds to simulations with the parameters of the real dataset. In the first column,
the Gaussian case, the MISE are 10 times larger than the ones for other cases. This
can be easily explained: the values of the estimated density are 10 times larger than
others. Nevertheless, on lines 3 and 4 for the Gaussian case, the MISE are very large.
This is due to the bad estimation of the ¢; by the Z; r witho = 0.05 and T = 0.3.1

1 We insist that this bad estimation is not due to the fact that the noise is Gaussian. Indeed even if Fan
(1991) proves the rates to be logarithmic in that case, the rates are improved and can be polynomial when
the density under estimation is of the same type as the noise (see Lacour 2006; Comte et al. 2006).
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Fig. 2 Simulated data. In plain red (black) 25 estimators f:ﬁ’{’ with parameters: N = 240, 7 =0.3,6 =

0.00015, 0 = 0.0135, o = 0.039 and the true density f in bold plain black line. a f Gaussian, b f mixed
Gaussian, ¢ f Gamma and d f mixed Gamma

Table 1 Empirical MISE coinpuggd from 100 simulated data sets, with y = ZQO, with various T, 8, o and
o for two kernel estimators fcy, f7 and two deconvolution estimators fz and fi 5

ﬁv J/% ]Zr: ﬁTl,E
Case f Gamma
T =0.36 =0.00050 =0.0135«¢ = 0.039 0.043 0.037 1.547 0.071
T =3008=0.50=05a=39 0.048 0.039 0.049 0.055
T=506=0.10 =0.05a =1 0.042 0.039 0.218 0.050
Case f mixed Gamma
T =0.36 =0.00050 = 0.0135a = 0.039 0.033 0.030 0.712 0.035
T =3008=0.50=05a=239 0.032 0.030 0.035 0.043
T=506=0.10 =0.05a =1 0.033 0.031 0.145 0.043

The quality of the estimation is significantly better when we try a A/(0.278, 0.2) (0.2
is the variance of the mixed Gaussian density we implement for example). In general
one can notice that when o is larger than the standard deviation of the density of the
random effects f, the estimation is less precise, which is coherent in term of ratio
signal noise.

Table 2 shows that if T increases, it improves the results for ¢ = 0.05, compare
cases 2 and 5 with 4 and 7 for example. If J is large enough, meaning if § is small
enough (which is the case even for / = 150 when T = 0.3), the deconvolution
estimator fits well the density. In practice, when T increases, the selected value of s
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Fig. 3 Simulated data. In bold plain black curve is the true density f mixed Gamma, the estimatorj;v

estimator f} are superposed is in plain green (grey), estimator fz is dotted black (blue) and estimator f 5
is plain blue (black), with N = 200, T = 50,6 = 0.05,0 = 0.05,0 = 1

decreases, which could have been predicted. The results are still satisfying for large 7.
For the kernel estimator, although the theoretical condition 1/ 4> < T2 is not satisfied,
the numerical results are good.

Another point is, as expected, that the larger N is, the better the estimators ]’% and
~;,,v5. We can refer to Comte et al. (2013) for a study with different values for N. It
highlights the influence of N when the estimated density has two modes; for example
with N = 50 the estimation is clearly less precise than for N = 200.

A main difference between our two estimators fh and f 5 1s the computation time:
a few seconds for the first one and ten minutes for the second one. Thus the kernel
estimator with the method of bandwidth selection is very efficient, especially in the
case of multi-modal densities, and performs often better than the deconvolution one.

6 Application to neuronal data
6.1 Dataset

We describe quickly the data but we refer to Yu et al. (2004), Lansky et al. (2006)
for example for details on data acquisition. The data are intracellular measurements
of the membrane potential in volts along time, for one single neuron of a pig between
the spikes. This is the depolarization phase. In this neuronal context, between the
(j — Dth and the jth spike, the depolarization of the membrane potential receiving
arandom input can be described by the Ornstein—Uhlenbeck model with one random
effect (1). The spikes are not intrinsic to the model but are generated when the voltage
reaches for the first time a certain threshold S, then the process is reset to a fixed
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Table 2 Empirical MISE computed from 100 simulated data sets, with N = 240, & = 0.039 and various
T, 3§, o for the kernel estimator f7 and the deconvolution estimator fi 7

Case T ) o Estimator  f

Gaussian Gamma  M-Gaussian M-Gamma

1 03 00002 00135 fr 0.254 0.037 0.016 0.024
s 0.381 0.072 0.021 0.038
2 03 0002 00135 fr 0.270 0.032 0.016 0.024
iz 1.584 0.071 0.019 0.038
3 03 0.0002 005 i 2,544 0.098 0.026 0.054
fas 3.402 0.231 0.078 0.226
4 03 0002  0.05 i 2.524 0.092 0.028 0.053
fas 3.269 0.154 0.029 0.232
5 10 0002 00135 f; 0.091 0.031 0.017 0.024
iz 0.080 0.037 0.035 0.052
6 10 0.02 00135 7 0.085 0.033 0.014 0.023
iz 0.151 0.048 0.033 0.034
7 10 0002 005 5 0.111 0.031 0.016 0.025
ez 0.687 0.061 0.016 0.034
8 10 0.02 0.05 i 0.121 0.035 0.014 0.025
ez 0.181 0.053 0.023 0.040
9 100 02 00135 f; 0.106 0.032 0.014 0.024
fas 0.123 0.062 0.091 0.046

initial voltage. Thus each trajectory is observed on an interval [0, T;] where T; =
inf{t > 0, X;(¢r) > S}. The initial voltage (the value following a spike) is assumed to
be equal to the resting potential. The present dataset has been normalised to obtain N
trajectories which begin in zero: x; = 0.

The positive constant parameter « is called the time constant of the neuron
(the coefficient of decay in the exponential, when there is no noise), which is
intrinsic to the neuron and fixed to ¢ = 0.039 [s] (Lansky et al. 2006LThe
diffusion coefficient o [V/,/s] has been estimated using the estimator 62 =
(1/N) Z]/.V:l ((1/]) ZI{:[ ((Xjk+1)) — Xj(ék))z/(S). We obtain 6 = 0.0135,
which is the same value as that used in Picchini et al. (2008). The ¢; represents the
local average input that the neuron receives during the jth inter-spike interval. We
assume that ¢; changes from one trajectory to another because of other neurons or
the influence of the environment, for example. So parameters ¢ and o characterize
the input, while «, x; (the resting potential) and § (the firing threshold) describe the
neuron irrespectively of the incoming signal (Picchini et al. 2008).

Data are composed of N = 312 inter-spike trajectories. For each interval [0, T]
the time step is the same: § = 0.00015 [s]. We decide to keep only realizations with
more than 2000 observations (7;/8 > 2000). Finally we have N = 240 realizations
with J = 2000 observations and for j = 1,..., N, T = T; = 0.3 [s]. Also the data
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are normalized in order to begin with zero at the initial time. The study of the units
of measurement can highlight the collections given in Sect. 4. One can notice that the
unit of measurement of v in the integrand must be [s/V] (same unit as 1/Z; ;) such
that the exponential terms are without unit. The unit of s is [/s/V], and the choice of
M with the same unit as v seems natural.

Itis interesting to note that the normality of the Z; 7 is rejected by Shapiro and Wilk
test (p-value 10~7) and Kolmogorov—Smirnov test (p-value 10~3). This suggests that
the ¢;’s are not Gaussian. Thus we want to estimate nonparametrically their density.
In the following we compare our results to the estimation obtained in Picchini et al.
(2010) under the parametric Gaussian assumption.

6.2 Comparison of estimators

The estimation of the density f obtained by Picchini et al. (2010) under the Gaussian
assumption on these data, with o = 0.039 are N'(u = 0.278, n? = (0.041)?). Using
a maximum-likelihood estimator on the (Z; r)’s we obtain for the mean 0.270 and for
the standard deviation 0.046. We notice that these two estimations are close to that of
Picchini et al. (2010). We use our two nonparametric estimators to see how close to a
Gaussian density they are.

On Fig. 4 we represent both estimators ]% and 7;;'5 applied on the real data and
the density MV (u, 172). The two estimations are close, and close to the estimation of
Picchini etal. (2010). However, itis also legitimate to think about a Gamma distribution
to model the random parameters ¢ ;’s because, as the data have been normalised, the
estimated random effects are positive. Then it seems reasonable to use a non-negative
random variable to model this local average input. Thus, a Gamma distribution may
seem more appropriate than a Gaussian distribution, even if the chosen Gaussian has
small probability to be negative. We look for the Gamma distribution which has for
mean u = 0.278 and for standard deviation n = 0.041. This corresponds to a Gamma
distribution with the shape parameter 46.3 and the scale parameter 0.006. We notice the
similarity between the previous Gaussian curve and the new one. Thus this distribution
seems also suitable to fit the distribution of the ¢;’s, as Fig. 4 shows.

The Gaussian assumption is strong and leads to parametric tractable models. The
present work confirms that this approximation is acceptable. However, the nonpara-
metric estimation gives a density for the ¢;’s that can be used to simulate the random
effect and could be closer to the true one.

Notice that, as mentioned in introduction, Comte et al. (2013)’s estimator cannot
handle small values of 7" while our new proposals are successful in such case. Let us
precise this point. If the number of points is large enough, the variable Z; 7 can be
approximate:

5 < 1
Zjr~ (X/(T) - X;0) + o ZX((I — 1)8))?.
=1

It is unchanged when we change the units: V, s tomV, ms thus 7 = 0.3 to T = 300.
However, the deconvolution estimator of Comte et al. (2013) for T = T is changing
when the value of T is changing. In fact, the estimator is
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Fig. 4 Real data. In bold green (grey) estimator jAE in bold red (black) ﬁgy;, the black dotted and bold line
the density AV (u, 772) from Picchini et al. (2010) and the black dotted thin line the density I" (46.3, 0.006)
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and accordingto 7" = 0.3 or 7" = 300 the values of u and thus the interval of integration
and the three exponential terms are changing. Finally estimator fr is changing with
the units. And the interval of integration is not large enough in the case 7 = 0.3 to
give a good estimation. B

To solve this problem we have proposed a new estimator fj; 5 to allow the user to
deal with data with the units he/she wants and to not oblige him/her to change it.

But one can wonder if the new estimators are robust when increasing 7. Indeed,
our method works for larger 7. Precisely changing volts in millivolts and seconds
in milliseconds implies 7 = 300, o = 0.426, and on simulated data we adequately
reconstruct the shape of the density.

7 Discussion

In this work we study a stochastic differential Ornstein—Uhlenbeck mixed-effects
model. We propose two estimators of the density of the random effect. Both estima-
tors are not very sensitive to the effect of the time of observation 7. Indeed the kernel
strategy corresponds to a context with large 7" while we built a deconvolution estima-
tor especially for small values of 7. Both are data-driven and satisfy an oracle-type
inequality. According to the numerical study, the kernel estimator seems to be the
efficient one: the numerical results are convincing and close to the ones obtained by
cross-validation. Besides we provide non-asymptotic theoretical results. Furthermore
we study neuronal data with nonparametric estimation strategy. Instead of making any
parametric assumptions for the random effect distribution, we build an estimator of

@ Springer



938 C. Dion

its density. Future work based on this estimation could be more precise and closer to
the real neuronal data. To complete the study, the method for different times of obser-
vation T; could be settled up. Besides, some goodness-of-fit tests could be produced;
we refer to Bissantz et al. (2007) who construct confidence bands for an estimator of
f in the ordinary smooth deconvolution problem.

The model can be completed by adding another random effect: the time constant of
the neuron. Picchini and Ditlevsen (2011) have investigated this model in a parametric
way and Dion and Genon-Catalot (2015) in a nonparametric way. A recent work
Delattre et al. (2016) assumes that the density of the random effect is a Gaussian
mixture and uses data clustering method, which is an interesting approach for the
data described in the present paper. The question of a random effect in the diffusion
coefficient also is open (see Delattre et al. 2015). Moreover, a model with a drift
b(X;(t)) + ¢;, where b is a known function, can be treated with the same method.
However, dealing with a diffusion o (X (¢)) where o is a known function is a more
complex problem.

Acknowledgments The author would like to thank Fabienne Comte and Adeline Samson for very useful
discussions and advice.

8 Appendix 1: Proofs
8.1 Proof of Theorem 3.1

Given h € Hy, 1, we denote:

||K||%||I<||2+ o IK[TIK"

Vh) =
(h) =Ky NI K2 205

=:Vi(h) + Va(h).

Using the definition of A(h) and of 7 we obtain

1 = FI2 <3155 = funl +31F0z — ful® + 315 — £
<3 (AU + V(R) +3 (AR + VW) + 31 fn — fI?
< 6A(h) +6V(h) + 3| fu — f1%

Thus,
Elll f — £1%] < 6E[A(h)] + 6V (h) + 3E[|| fn — f1].

hence, we only have to study the term E[A (h)]. We can decompose ||ﬁ,,h/ — ﬁz/ 12 as
follows:

I Fus = Pl < 5l fr = L P + SUEL n] = S 1%+ 50 fe
— fwr >+ 50 fi — ELA I + SIUELf] — furll?
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thus
A(h) <5(D1 + Dy + D3 + D4 + Ds)
with:

. 2
Dy := sup ”fh,h’ - fh’” s

WeHn.T
- — Vi(h)
D= sup (nfh/—E[fh/]uz—— ,
WeHn.T 10 +
. . Vi(h)
D3 = sup (nfh,h/—E[fh,h/]uz—
heHn T 10 +
- Vo(h')
Dy:= sup (nE[fhf]—fhruz— :
hWeHn T 10 +

- Va(h')
Ds:= sup (HE[fh,h/]—fh,h/uz—T .
heHy,r +

According to Young’s inequality (see Theorem 9.1), we obtain
e = S l? = 1 K> (fo = OIF < U1K IT0 i = FI2 = DKW fin — £

thus
D1 < IKI3Nfu — fI% (18)

Let us study the term D>. We denote B(1) = {g € L2(R), ||g|l = 1}. We define
v a(8) = (g, fr — ELfn))
then |vy 1 (g)] < ||g||||fAh — E[ﬂ]|| thus, the estimator f7l satisfies:

I F2 — E[AI1P = sup (vw,4(g))>.
geB()

We can also compute the scalar product which defines vy, and we obtain
1 X
wNa(R) = 5 2 (K (Z1) — ElgaK; (Zj.1))) (19)
j=1

with K (x) := Kj;(—x). This finally conducts to:

Vi(h')

ED)) < > E[sup (v (8))* — 11( } :
eB(1 0

WeHy 1 geB(1) +
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This bound and Eq. (19) leads to apply Talagrand’s Theorem (9.2). We have to compute
3 quantities: M, H* and v.
First:

sup [|gxK,, looc = sup sup /g(y)K,;(x—y)dy

geB(1) geB(l)xeR
= sup sup|(g. K, (. —x))|
geB(1)xeR
< sup lgllKul =150 — . 20)
geB(1) V'
Secondly, the bound of Proposition 3.1 gives
2 ~ ~ o7 K,
E| sup va(@) [ =E[I1f —ELAIP] = - = H @D
geB(1)
Thirdly:
sup (Var(gxK;, (Z1.1))) < sup El(gxK, (Z1.1))°]
geB(1) geB(1)
<2 sup E[(g+K,, (¢1))°]
geB(1)
+2 sup E[(gx(K, (Z1.1) — K, ($1))*].
geB(1)

Let us investigate the two terms separately. Young’s inequality gives:

E[(gxKy (#1)] = / (g#Ky (@)* F)dx < 11/ NlgaKyp 13

IFNIKNG
_ IRy vl (22)

N/

Then, one can write: Ky (x — Z1.7) — Kiy(x — 1) = (p1 — Z1.7) fol (Ki) (x — 1 +
u(¢1 — Zy,1))du, thus

(gxK, (Z1.1) — g*xKp (¢1))*
1 2
— (1 — Z1.1) ( / () /0 (K'Y (x — 1 + uey — Zl,T))dex)
1
< 61— Z11) / 20 ( /O (Kp)(x — b1 + u(dr — zl,mdu) dx

< (¢1 — Z1.7)°lgl? / (Kp)*dy = (¢1 — Z1.0)* | (K|
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2

With E[(¢1 — Z1.7)%] = ‘;—iE[WI(T)Z] = 2, the assumption 7! < #/? leads to

_ IK'I[*0? _ |IK'||*o>
E [(¢2K,y (Z1,1) — geKin ()| = o < = @

Finally v = v; + v» = Ao/~/h’ with Ag = || f|| IKIZ,5 + 1K 120,
If k1| K ||% > 40, with the assumption 1/(N#h) < 1, Talagrand’s inequality (under the
assumptions of the Theorem 3.1) gives

Vi(h' C : 1
E( sup (VN,h’(g))z — £) < _lefcz/\/hi_’_ C3 e*C4\/N
+

geB(1) 10 T NJVH h N2
<G s L ey G5
=N NG =T N
h’EHN,T

One can lead the study of D3 as we have done for D;, using the same steps and
tools. However K, x K} instead of K/, adds ||K||; in M and ||K||% in H? and v.
Then, let us study the term Dy. If ko > 10/(3|| K ||%), the bound (9) leads us to

~ Va(h)
Dy = sup (nIE[fh/]—fhfnz— 0
WeHn.T +

IK"|?0%  kllKI2IK")?c*
Sup 572 275 =0
wertn, \ 3H5T 10721 N

thus D4 = 0. Finally, similarly, if ko > 10/3, we obtain

IA

~ Vo (k'
Ds= sup (nE[fh,h/]—fh,h/nz——Z( ))
+

WeHy 1 10
o (I1KIPIKITY  eAKIFIK IP0tY
T weHyr 3n3T? 1072h"3 '

Thus finally we obtained that:

ElAM] =5 (1K1 = FI7 + 1) 24)

with ¢ a constant depending on || f ||, | K||1, [| K ||, [| K ||l4/3. Finally we have shown that
forallh € Hy,r:

ENT — £17] < 6 IKITIKIZ o WKITIK" o
- Nh T2h>
2 IKIE | 21K")0*
+3(2||f—fh|| + IR AR )
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+30 (IKIF1S = full® + )

3 9
<{6+ Vithy+{ 6+ ——— | Va(h
‘( ||K||%m) A ( 2||K||%Kz) 2

C
+@OIK I+ 6)l fn — fII*+ 5

6))
< C; inf — full> + V) + ==
=< 1heHN7T{||f full”+ ()}+N
where C; = max(7, 30||K||% +6) and C; depends on || £, | K1, | K|, |K|l4/3. O

8.2 Proof of Proposition 4.1

The bias term is || f — E[fn,s] ||2. Let us compute ]E[ﬁ,,s]. Asthe Z; ; areii.d. when
7 is fixed and due to the independence of ¢; and W, we obtain:

Bl = o [ e B [ e g,
T

= i " e_i’“‘E [eiu¢l+iuGW1 (mz/sz)sz/m2+u202s2/(2m2)] du

2

1 " 2/@2m? Wi (m2/s2)s2
:2_ e—zux+uas/(m)f (M)E[ iuo Wi(m?*/s*)s /m]d

T
= ZL : eii”x+“2”252/(2m2)f*(u)efu%zsz/@mz)du

T

1 mo
= E e—lux‘f*(u)duzjfm(x).

m

Therefore this gives Elfns ()] = fu(x), and || f — E[fu s> = If — full® =
37 Jupo | @0 du.

The variance term is:
2

N
_ 1 m |1 ) L2022
E[nfm,x—fmnz] ) / Nzemzj,mz/ngizmz W du

2 _

e mo2,2.2 _
= e m2 Var (e'”Zl’mz/Sz)du

1
/ u'(:lzj du = i/ e g,
2N TN Jo

| /\
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8.3 Proof of Theorem 4.1

Let us study the term || f‘,'a; — f1I*. We decompose it into a sum of three terms and
the definition of (m,s) (15) implies for all (m, s) € C

17s = 12 =3 (1 s = Famnmal? + 1 Fasnos = Fusl? + 1 s = £17)
< 3 (L5 +pen(, 3)) + 3 (s + pen(m, 5)) + 3| fus — f1I?
< 6L + 6pen(m. s) + 3| fs — fII° (25)
Now we study I, ;. First:
| Fmsyneny = Far 12
=3 (1 = Sl 1o = S P+ Wb = Fewirnima12)

Thus:
Tons = max (30 Fovy = fur 24+ 30 for = fonnr 12+ 30 frnme
(m’,s")eC
- ﬁm’,s’)A(m,s) ”2 - Pen(m/7 S/))+
ra 2 1 /o
<3 max ”fm’,s’ — fa I = —pen(m’, s’)
m’,s")eC 6 +
~ 1
+3 max (”f(m/,s’)/\(m,s) - fm/\m’”2 - —Pen(m/, S/))
(m’,s")eC 6 +
+3max || fr — ks
max | f = Founr|
The last maximum can be explicit. If m’ < m, then || fy — fnam 12 = | frr — For |1

= 0. Otherwise,

I for = Frm 12 = I o = fonl? =/ |f*@)du < | f — full*.

m<lul<m’

Finally:
2 2
max ”fm’ - fm/\m’” = ”f - fm“ .
m'e M

We get the following bound for I, s:

~ 1
[ns <3 max (nfm/,s/ — furl* = —pen(m’,s’>)
m’,s"eC 6 +

~ 1
+3 max ”f(m’,s’)A(m,s) - fm/\m’”2 - —Pen(m/7 S/)
(m’,s")eC 6 +

+301f — ful® (26)
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Then we gather Egs. (25) and (26):

I fiis — fI> < 6pen(m, s) + 3| fus — FI* + 18I f = full®

~ 1
+ max 18 v — frll? — —pen(m’, s’
phax (”fm s = farll P ( ) N

- 1
+ max 18 (”f(m’,s/)/\(m,s) - fmAm/”2 - —Pen(m/, S/))
(m',s")eC 6 +

We first notice that our penalty function is increasing in s and m, thus we get the
following bound for the last term:

~ 1
E |: max (”f(m’,s’)/\(m,s) = Snrm/ ”2 - —Pen((m/, S/) A (m, 5))) :|
(m’,s")eC 6 i

~ 1 T
<E |: max (”fm’,s/ = fur ”2 - —Pen(m/7 S/))
m'<m,s'<s 6

+

~ 1
+E max (”fm,s - fm”2 - —Pen(m, S)) i|
| m<m',s<s’ 6 +

1
+E max (”fm,s’ — ful* = —pen(m, S/))
| m<m',s'<s 6 i
1
+E max (”fm’,s - fm’ ”2 - gpel’l(m/, S)) j|
+

| m'<m,s<s’
~ 1
<4 Z Z E |:||fm’,s/ - fm’”2 - gpen(m/, S/):|

meMs'eS

+

. .. . . . 2:2,2 2.2
Moreover, according to Proposition 4.1 and using the inequality fol eV dy < e
we obtain, for all (m, s) € C,

~ ~ 1
E[Ifaz- £ =5x18 > D E [nfm/,s/ — S = gpen(m’,s’)} + bpen(m, 5)
m'eMs'eS +

m 2.2
+3——e" % 4210 f — full.
aN
Then we obtain the announced result with the following Lemma.

2.2

Lemma 8.1 There exists a constant C' > 0 such that for pen(m,s) defined by
pen(m,s) =k 5e*

>

2 2F [”fm'“’ — furl? = épen(m’,s/)} Lce+h

meMs'eS + N
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. 2.2
According to Lemma 8.1, to be proved next, we choose pen(m, s) = K%e" 57 thus,
there exist two constants C = 145, C’ > 0 such that,

E[Ifas—fIP]=5x18 3 ZE[an v = fulP = Zpento’ s)]

meMs'eS
3\ m
+ (6x + —) e 12001 f = full?
7) N
o252 C’
<c int {if = ful? + e+ =
=C nf If = ful N
O
Proof of Lemma 8.1 For a couple (m, s) € C fixed, let us consider the subset S
{(r e LYR) NL2(R), supp(t*) = [—m, m]}. For t € S,,,,
1 N
w0 =+ > (01 Z2) = E 91 (Zm2y2)])
j=1
with ¢, (x) 1= 5= [T @)e o/ gy then vy (1) = Z= (%, (s — f))-
This leads to B
I fs = ful* = sup oy (@I 27)

tESy, |tl=1

We also have by Cauchy—Schwarz inequality

1 m 1/2 m )22 s 1/2
lerlloo < 27/|l (u)le” u?s?/m? ddu < — (/ |l*(u)\2du) (/ oo uts? m du)
27 \J_. .

\/2m 02522

<<

- 27t
thus

NP
sup  l@rlloo < —=€% ¥ /7= M.
1€Su,llrll=1 v
Then, by Proposition 4.1,
~ m 2.2 2
E| s ow@P | =E[I s — fnll] / gy < Mo g2
[tesm,nrn:l [1ms = i) = 75 TN

Using Fubini and Cauchy—Schwarz inequalities we obtain for all (m, s) € C:

4 sup  Nar(ei(Zj 000 < sup //,*(u)t*(_v)E[ei(ufu)Zj_mz/sz]
1E€Sm, lltlI=1 ' 1€8, |ItI=1

Xe(u2+v2)crzsz/(2m2)dudv
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2

IA

12
£ — v)[2e™ vttt /m? g, dv) !

mm2

12
(ez‘fzs2 | f*(u— v)|2dudv)
m]?

. m 1/2
27e° S 2m (/2 |f*(z)|2dz)
—4im

< 24/ Zm\/énﬁe"zsz | £ ll=:472v,

_me” S S
Y

IA
3]
)

IA

Finally using thatm < N,s <2/o and > g5 = (4/0)(1 — (1/2)P*) < 4/0,
the Talagrand’s inequality with « = 1/2 if 4H? < pen(m, s)/6 implies,

> D> E [nfm,x — ful? - épen(s,m):|

seS meM B
Z Z (Cl I/ 5% Jme ~Caiffy +C3—e _C‘“ﬁ)
seS meM
SZCl”f” o2s (Z Jme~ CZ|f|)+ZZC3€ aad
seS meM s€S meM
P4l P+1
_w(z N )+c3e4 T e
meM meM
C'(P+1)
- N

)

1/4

because with the definition of M, 3, v, vme T < ay 3, k! 4e=0k

1/2 1/4 . ..
400, and >, -\ e—Cam'/ < D keN e—mkt +00, with ay, a, as three positive
constants. Notice that C’ > 0 depends on o, || f||, A.
2.2 .
We choose pen(m, s) = kme® 5" /N with x > 24, O

9 Appendix 2
9.1 Young inequality

This inequality can be found in Briane and Pages (2006) for example.

Theorem 9.1 Let f be a function belonging to IL? (R) and g belonging to 1.9 (R), let
P, q, 1 be real numbers in [1, +00] and such that

111
—4+-=-+1
poq

@ Springer



Nonparametric estimation in a mixed-effect Ornstein—Uhlenbeck... 947

Then,

If*gll- = 11 lpllgly-

9.2 Talagrand’s inequality

The following result is a consequence of the Talagrand concentration inequality Tala-
grand (1996) given in Birgé and Massart (1997).

Theorem 9.2 Consider n € N*, F a class at most countable of measurable functions,

and (X;)ieq1,..., Ny a family of real independent random variables. One defines, for all
ferF

,,,,,

1 N
() = 5 2 X)) = ELF (XD
i=1

Supposing there are three positive constants M, H and v such that sup || f|lcc < M,
feF

Elsup|vy f|] < H, and sup (1/N) lelear(f(X,-)) <, then for all o > 0,
feF feF

G =2020) [ (o (o)
E || suplvn ()" —2(1 +2a)H < —{—exp|—ax
feF n a \N v

49M2 ) (_ V2aC(a) /o NH))

—— = €
aC2a@)N2 " 7 M

withC(a) = (W1 4+a—-1)A1, anda:%.

9.3 Discretization

Indeed, if we assume that the times of observations are the t;, = k§,k =1,..., N and
0 < 8 < 1, we must study the error applied by discretization of the Z; ;. Then, for
any 0 < mz/s2 < T we use:

_ 52 5 m*/629))
Zjmaye = 3 | XG0 /POD = X;O0 + = > Xj((k=1d) | (28)
k=1

to approximate Z; ,2 > given by (2). The corresponding estimator of [ is

4

o252

=~ 1 m u?
Fns(X) = E/ —iux Z 252520 5 . (29)

—m —
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We investigate the error:

Bl e = SIP) < 2B Py = Fons 1214+ 2B [ s = £1]

where the second term of the right hand side is bounded by Proposition 4.1. Then,
Plancherel—Parseval’s Theorem implies:

lqu m2)s2 _ luZ

2
du

Jim?/s?

A

7 £ 1 "1 al 2 2.2
]E[”fm,s _fm,s||2] = EE ‘/_mﬁjz_;eu o°s /m

iuZ

m . 2
< i eu202s2/m2E [ e 1.m2/s2 _ eluzl,mz/x2 i| du
27 J_m
and
iuz1 m2 /2 il,tZ1 m2 /52 2 2 = 2
E|le : —e : < |Ll| E |Zl’m2/S2—Zl’m2/52‘

thus we study the last term. For all (m, s) € C, mz/s2 <T,

2
= (X575 = X, 61m /7))
2 /6]

toam? ; (k_l)a(xj(s)_xj((k—1)5))ds

Zl,mz/sz - Zl,m2/s2 =

then by Cauchy—Schwarz’s inequality we obtain

—~ 2s4 2
Zi g = Zigeg)? = o (X, m? /%) = X;61m?/%6)D)
pgt [ M7

2m )S(Xj(S) — X;((k—1)8))ds

k=1 k=
Hoder’s inequality yields

/n [LZ:I
52 2

ké m2
Z/ (XGE) = Xk = DoNds | < [/( (xj(s)—xj((k—l)s))ds] [%]
- s

J(k—1)8

5] .
—[ } 2 /( X)Xk = 1)d))Pds.
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Let us study E[(X;(s) — X ((k — 1)8))2], for (k — 1)8 < s < k8:

Xj(s)—xj((k_1)5)=/ (qu— Xf'a(“))dw/(‘ dW,; ()

(k—1)8 k—1)8

and Cauchy—Schwarz’s inequality gives

s |:( s X](M) 2 S 2
E[(X;(s) — Xj((k — 1)8))?] < 2E / ¢j— L") du) |+2E / odW;(u)
(k=1)8 4 (k—1)8
s ) 2
<2E [/ (¢,~ - X’(”)) du:| 12502
(k—1)5 a

< 482 (E(¢§) + %supE[X ; (s)z]) + 2802 (30)
s>0

Finally, after simplification and using for all x € RY, [x] < x,

~ 2s5% 2
E [(Zl,mz/sz _ Zl,mz/ﬂ)z] < %E[(Xj(mz/sz) - Xj(a[mz/(s%)])) ]

+§(452 (E(¢ )+ SuplE[X (s) ])+2502)

and we can deal with the term E[(Xj (m?/s%) — X (8[m2/(526)]))2] using formula
(30) and m? /s*> — 8[m?/(s%8)] < 8. Thus:

E[(Zl’mz/sz ~Zymy2) ] <( o7+ 5 )47 (@) + 5 SUpELX ()41 ) +2602 ).

Besides, for model (1), Eq. (17) implies E[X ; (5)2] < 3x12. + 3a2E[¢/2] +302, and
0 < 8 < 1 implies

A 2 2% 2
E |:(Zl’m2/52 = Zym2/5?) ] = Cs mt + o?

with C a positive constant which does not depend on & or m?/s>. Finally,

=~ ~ 254 2 1 m 2202, 2
Elll fos — fnslI?1 < C8 (W + 3) 7 /_m ue" S dy

sc’s(/l 2 ”“de)(f+m—j).
0 m o
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Buts <2/o and m = vkA/o, withk € N*and 0 < A < 1, thus we obtain

= ra 2 C/ ! 2 120252 4 s k3/2 3/2
B~ el = 55 ([ e ) (2R (5 ) + 55 (507)).

Proposition 9.1 Under (A), assuming E[(ﬁjz.] < 400, the estimator ?m s given by
(29) satisfies

. VKA 22 C e 8 k32
E o f 2 < _ 2 N ocs - 24 rl — &~ 5A3/2 .
(1 s = FIPT = = fI 4 e o = 20252( Vi &)t e (8477

Finally if A is fixed and § is small, the error is acceptable. For example if § = A the
error is of order /5.
For study on the kernel estimator we refer to Comte et al. (2013).
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