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Abstract

The question whether structural changes in time-resolved images are of statistical
significance, and therefore of scientific interest, or merely emerge from random noise is of
great relevance in many practical applications such as live cell fluorescence microscopy,
where intracellular diffusion processes are investigated.

In this paper the statistical recovery of such time-resolved images from fluorescence
microscopy of living cells is discussed, based on which a bootstrap method is introduced
that allows to both monitor and visualize statistically significant structural changes be-
tween individual frames over time. The method can be adopted for use in other imaging
systems. It yields a criterion to assess time-resolved small scale structural changes e.g.
in the nanometer range.

The proposed bootstrap method is based on data reconstruction with a regularization
technique as well as new theoretical results on uniform confidence bands for the function
of interest in a two-dimensional heteroscedastic nonparametric convolution-type inverse
regression model of Poisson-type.

Moreover, a data-driven selection method for the regularization parameter based on
statistical multiscale methods is discussed. The method can be used for an automatic,
data-driven data analysis.

The theoretical results are demonstrated in a simulation study and are used to analyze
data of fluorescently labeled intracellular transport compartments in living cells.

Key words: bootstrap, confidence bands, deconvolution, fluorescence microscopy, live cell mi-
croscopic imaging,

1 Introduction

In many applications, data show a dynamic behavior, that is, making observations of the
same objects at different times will give different data sets not only due to random noise but
also due to systematic changes. The question of interest then is which changes are significant



and which ones are not. As a particular example we consider microscopic live cell imaging in
biology in which a sequence of images is taken over time. Figure 1 shows such a sequence of
images taken over a total period of 44.844 seconds with equidistant time steps.

Figure 1: Sequence of images of living HeLa cells in which membrane compartments inside
the cell are stained with a fluorescent dye, taken over a total period of 44.844 seconds with
equidistant time steps.
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Figure 2: Exemplary demonstration of the determination of regions of significant difference
between the images at different time steps. Clockwise from upper left: Image at time steps
0 and 3, estimated PSF and reconstruction of a difference image. The picture shows living
HeLa cells in which membrane compartments inside the cell are stained with a fluorescent
dye.

A simple visual inspection of the sequence of images in Figure 1 does not reveal much of



the evolution over time. By taking differences of images at different time steps, changes
can be emphasized (see for instance Figure 2 where the difference image of the first and the
fourth image of the above sequence is displayed). This hints at several differences which
are in the focus of our investigations. The example of microscopic imaging bears additional
complications, though, as it is intrinsically multivariate and it is actually an ill-posed inverse
problem. It is a well-known fact (see for example Adorf (1995), Wallace et al. (2001) or Bertero
et al. (2009)) that unprocessed images, taken with imaging devices such as optical microscopes
or telescopes, are blurry which is due to the physical characteristics of the propagation of light
at surfaces of mirrors and lenses. The process of optical distortion can mathematically be
modeled as convolution of the ”true image” with a so-called point-spread function ¢ (PSF).
This means that in this case we only have empirical access to

Tyf =[x,

where f is the true image, which the object of interest, 1) denotes the point-spread function,
the operation * denotes convolution and Ty, is the associated (linear) convolution operator. In
many other inverse problems the connection between the quantity of interest and the observed
one can be expressed in terms of a linear operator equation as well. Well-known examples are
Positron Emission Tomography, which involves the Radon transform, (Cavalier (2000)), the
heat equation (Mair and Ruymgaart (1996)) or the Laplace transform (Saitoh (1997)). In all
these examples the first step in data analysis is the recovery of the quantity of interest which
involves the approximate inversion of the operator considered.
In the context of imaging we often face a further characteristic property as it is composed
of two parts: The optical device (such as the microscope or the telescope) and a detector
(for example a CCD). While the inverse problem character is is due to the properties of the
optical components, the detectors usually entail peculiarities as well and provide count rates
rather than continuously distributed data, a fact that is often ignored. In this paper we take
all properties discussed above into account and consider a nonparametric inverse regression
model of Poisson-type:

Y ~ Poisson((f * ) (z1,z2)). (1)

In this application the variable x = (z1,x2) represents a pixel of a CCD and we can only
observe a blurred version of the true image modeled by the signal f with Poisson noise. In
contrast to other authors (see, e. g., Cavalier and Tsybakov (2002)) we do not assume that the
function v in model (1) is periodic, because in the reconstruction of astronomical or biological
images from telescopes or microscopic imaging devices this assumption is often unrealistic.
The purpose of the present paper is to suggest a procedure for the reconstruction of images
observed according to model (1) with a particular focus on determining regions of significant
change between images at subsequent time steps as, for instance, in live-cell imaging. To
this end we adapt a multiresolution method, presented in Bissantz et al. (2008) in a one-
dimensional framework, to the reconstruction of two-dimensional images from fluorescence
microscopy. Furthermore, cf. Hotz et al. (2012) for a related approach to image denoising.
Furthermore, we extend results from Proksch et al. (2014), who consider the construction
of uniform confidence surfaces in multivariate inverse regression models with convolution
operator with homoscedastic, additive errors, to the Poisson model (1). Based on these
asymptotic results, bootstrap confidence surfaces are derived, which provide both a graphical
tool but also a rigorous statistical testing procedure to a given significance level for our
problem of determining regions of significant change.



We apply our method to data from live-cell imaging of cultured mammalian cells. The HeLa
cells were stained with the fluorescent dye Dil which labels lipid membranes inside the cell that
belong to intracellular transport compartments. It is therefore used to monitor intracellular
transport processes in living mammalian cells by fluorescence microscopy (see The Molecular
Probes Handbook).

The organization of this paper is as follows. In Section 2 we introduce the mathemati-
cal methods used for data analysis. This includes image reconstruction, asymptotic and
bootstrap-based confidence bands and a multiresolution based approach to the selection of
the smoothing parameter required for the image reconstruction. All technical details are given
in Section 6 and all proofs are deferred to an appendix. All other sections are devoted to
data analysis. First we summarize the data to which our methods are applied and give a
description of the pipeline for data reduction in Section 3. Finally, in Sections 4 and 5 we
discuss the results of our data analysis and its implications for live cell imaging.

2 Statistical modeling and mathematical preliminaries

Suppose that we have available a sequence of images of some object evolving over time, e. g.,
in live cell imaging as discussed in the introduction. Assume that for a fixed time we observe

Y; ; ~ Poisson((f * 1) (xi,x;)) = Poisson(g(xs, z;)), (i,5) € {—n,...,n}>, (2)

where the design points (z;,2;) = (i/nay, j/nay,) correspond to a value of a CCD at pixel
(7,7) of the image and the numbering is such that the center of the image is at (0,0). The
sequence (an)nen is a sequence of design parameters satisfying the condition a,, — 0 as well
as na, — 00 as n — oo. Recall that we are interested in the function f itself and not in the
convolution of f and ¢. Throughout this paper the point-spread function (-, -) is assumed
to be known. For a discussion of this assumption and the choice of the PSF in practical
applications we refer to Section 3.

In the following a € N? denotes a double-index, the bold type letters x,y,z and £ denote
elements of R? and x; ; = (v;,7;)T. Further, with a slight abuse of notation we shall denote
the vector (X%, #225)T [y YXui for a scalar h € R\{0} for the sake of a clearer display of
the results and the proofs.

Throughout this paper, some conventional multi-index notation is used. For a double-index
a € N? we denote

(07 «
x* =21 257, la|l=o a2, al=o!- as!

and

a<(ij) if ap<i and a9 <j.

2.1 Estimation

Given Poisson model (2), the first goal is to define a suitable estimator for the signal (image)
f. To this end, let F f define the Fourier transform of f. As a consequence of the convolution
theorem and the formula for Fourier inversion we obtain the representation

1 Fg(§)
(2m)? Jr2 F(€)

fx) = exp(i€”x) d€. 3)



An estimator for the regression function f can now easily be obtained from the data by
replacing the unknown quantity Fg = F(f ) by an estimator F¢g. The random fluctuations

in the estimator j"\g cause instability of the ratio ]]_:—g ©) if at least one of the components of £

is large. As a consequence, the problem at hand is ill-posed and requires regularization. We
address this issue by suppressing large values of {; for j = 1,2 from the domain of integration,
i.e. we multiply the integrand in (3) with a sequence of smooth Fourier transforms Fn(h-) with
compact support [~h~!, h=1]2. Here, h = h,, is a regularization parameter which corresponds
to a bandwidth in non-parametric curve estimation and satisfies h — 0 if n — oo. The
choice of the regularization h is discussed in Section 2.6 below. For the exact properties
and for possible choices of the function 1 we refer to Assumption 2 below and Section 3.2,
respectively.

An estimator f, for the signal f in model (2) is now easily obtained as

f L[ Fe®
Fuo) = g [ Foes el Fn(he) de. (@
where
Fg(6) = L > Yijexp(—i(Giw + o))

~ 27n2a?2
" (Zvj)e{_nvvn}2

is the empirical analogue of the Fourier transform of g. Note that with the definition of the
kernel

_ L[ FnE)
27 Je2 Fop(5)

Kn(x) exp(i€”x) d, ()

the estimator (4) can be written in the following form:

fn(yla?ﬁ) — (1 Z Y;’an <y1 ; sz” Y2 ; £Uj> ) (6)

20d A2 12
2Pk ey

2.2 Assumptions

We now state the assumptions that are used for our theoretical considerations.

Assumption 1. Assume that there exist constants Sy > 0 and Sz, > 0 such that

0 [ E1IFF©ld <00 forall o] < 5.

(ii) / 12z*||g(z)| dz < oo for all |a| < Sry, where g = f* 1.
R2

(iii) The function ¢ is bounded away from zero, and the functions 0%g, |a| < 1 are bounded,
that is, there exist positive constants ¢* and G* such that 0 < ¢* < g(z) < G* and
|0%g(z)| < G* for all |a| < 1, z € R2.

Furthermore, 0%g is Lipschitz-continuous for |a| = 1.



Remark 1. The constants Sy and Sr, in Assumption 1 quantify the degree of smoothness of
the functions f and Fg, respectively, by the connection between the decay of the respective
Fourier transforms and the derivatives of the transformed functions. If Assumption 1 holds,
this implies that the functions f and Fg are Sy-times, respectively Sr,-times, continuously
differentiable.

Assumption 2. The Fourier transform F7 of 7 is symmetric, supported on [—1,1]2, Fn(§) =
1 for all ¢ € D := [—4,6]? for some § > 0 and |Fn| < 1. Further, there exists a constant
Sryp = 3 such that all partial derivatives of order up to Sz, exist and are continuous.

Remark 2. A straightforward choice for a regularization function Fn is

exp(—l%m +1) [l <1

Fn(&1, &) = (7)

0 €1 >1
where | - | denotes the Euclidean distance. Other widely used choices for Fn include, for
instance, the family of functions Frny, = (1 — |- [*)7Ij1)(| - |) where the degree of smoothness

increases monotonically with the parameter . The choice of Fn = I|_ ;)2 corresponds to the
popular spectral cut-off spectral regularization method. Our approach is similar as we also
cut off high frequencies but the smoothness of the function (7) at the boundary of its support
results in theoretical properties of the Kernel K, which are more suitable for our purposes.

Assumption 3. For a positive integer 5’ and a constant v > 1 assume that

1
F(€)

where p is a polynomial of degree 3, that is

PE = Y aggt = Y ey,
(.3)€{0,....5'}? (1.5)€{0,...5'}?
i+i<p i+3<p

= (P©)", (8)

with possibly complex coefficients a; ;.
Remark 3.

(i) If v € N, there exists a representation of 1/F(€) in which v = 1. Thus, in this case
we choose the representation with v = 1. If v ¢ N, we choose the largest number v for
which (8) holds, in case this representation is not unique.

(ii) Assumption 3 guarantees that Fi decays polynomially which ensures that the convo-
lution function % is not too smooth. An example for such a function is the joint density
of two independent Laplace distributed random variables:

¥(z) = pexp(~z1| ~ [22) with = om(1+ &+ & +€8),

F1p(§)
where 3’ =4 and v = 1.



(iii) Prominent examples of rotationally invariant functions are also included in Assumption
3, such as

W(z) = 2% exp(—\/22 + 23) with ﬂ;@:z%(wgﬂgg)?

In this example we have 8/ =2 and v = 3/2.

(iv) Some implications of Assumption 3 that will be used throughout this paper are listed
in Lemma 3 in Section 6.

2.3 Theoretical results

In this paper we consider graphical analysis of the data. In particular, we discuss image
reconstruction, i.e. removal of the blur introduced by the PSF and the detection of regions of
statistically significant changes between images at different points in time. The first task is
complicated by the necessity of choosing a regularization parameter for image reconstruction
methods which controls the trade-off between fit to the (noisy) data and expected smoothness
of the true image. Subsequently, we solve the problem of deciding which changes between
image frames are statistically significant i.e. pointing towards a real change in the object’s
appearance and deciding which changes are just due to image noise. We adapt an approach
based on uniform confidence bands which have only recently been developed by Proksch et al.
(2014) to our model (2). The following sections will introduce some relevant theory and a
bootstrap approach for the determination of quantiles for the confidence bands.

2.4 Graphical model choice

Throughout this paper the image to be reconstructed is modeled as a bi-variate function
whose graph is a surface in R3. Asymptotic confidence surfaces are two random surfaces,
forming a corridor, which are constructed in such a way that the object of interest, that is,
the graph of the true function, is fully contained between the surfaces with high probability
converging to the nominal level 1 — « as the sample size increases. The basic part is a limit
theorem for the maximal deviation between the estimator and the function of interest which
can be derived by means of extreme value theory. This yields a result of the form

—K

lim IP’(( sup v;l/z(x)|fn(x) —f(x)| - dn)dn < ﬁ) —e 2" (9)

n—oo x€[0,1]2

where vy, (x) = (na,h'+#(21)2) 2| K ||2g(x) is the asymptotic variance of the estimator f, (x)
(see Lemma 2 in Section 6). Note that (9) implies

Tim P(f(x) € [fa(X) = ®na(x), fulx) + a(x)] ¥xe[0,1) =1-0a,  (10)
where @, o(z) = (q1—a/dn + dn)vrl/g(x) with the 1 — a-quantile ¢, = —log(—0.5log(1 — «))
of the Gumbel limit distribution (9). Eq. (10) implies that for all x € [0, 1]? at the same time,
with probability of approximately 1 — «, the true value f(x) lies between f,(x) — @y (%)
and f,(x) + @, o(x). Thus, the set { [fn(x) — Dy o(x), fu(x)+ cDn,a(x)] |x € [0, 1]2} defines



a lower and an upper surface between which the true surface {f(x)|x € [0,1]?} is contained
with high probability.

Confidence surfaces for the difference between two images at different time steps immediately
provide us with a mean for the determination of regions of statistically significant changes in
the image. An alternative approach, based on the confidence surfaces for single images, would
be to compare those surfaces for the two images which are to be compared. A region would be
classified as showing a significant change in the image, if the surfaces do not overlap. However,
this yields a procedure which will in general result in a more conservative test for significance
of the differences between the two images than the approach based on the confidence surface
for the difference of the two images. Hence, we will use the latter approach in the data
analysis discussed below.

Next, we state one of our main results which is a limit theorem for the maximal deviation of
the estimate f, and the function of interest f of the form (9) for the Poisson-model (2).

Theorem 1. If Assumptions 1, 2 and 3 are satisfied and that lgi(n)Q =o0(1), and

nh?
1
nanhy/log(n) (—— + B4 4 (a2h) 511 (7) + (@20) 500 (1= In(3)) = o(1),

as n — oo, then, in the Poisson-model (2), limit theorem (9) holds with d,, = \/2In(Cy, 1) +
In(21n(Cy,1))

24/21In(Cp,1)

R B (2m)* AN
Cr =g ond C’z—det((HKH% JRLGEGIE: wf)i,j:l .

, where

Since for many regularization functions that are frequently used in practice, such as those
discussed in Remark 2, not all conditions of Assumption 2 are satisfied, we now give a version
of Theorem 1 where the condition Fn(€) = 1 for all £ € [—4,6]?, § > 0 is dropped.

Theorem 2. Let all assumptions of Theorem 1 hold. Assume that Fn satisfies the conditions
listed in Assumption 2 for 6 =0, that is Fn(€) =1 is only required for € = 0. If the constant
Sy, defined in Assumption 1, satisfies Sy > 2 and

na,h3*t#log(n) = 0 for n — oo,
limit theorem (9) holds with the same constants as defined in Theorem 1.

Note that the limit theorems both contain the unknown parameter (function) g. The following
corollary assures that the result still holds if g = f % 1) is estimated from the data. To this
end let g, be the following estimator for g = Ty f:

in(Y) = gz |, FE) expli€"y)F(he) de.

Define

*

g if gn(y) < g%,

gn(y) = { In(y) if Gu(y) € [g", G"], (11)
G* if g, (y) > G*.

For the following corollary to hold we need to impose an additional assumption on the function

7.



Assumption 4. Let the function n: R?2 — R be such that its Fourier transform Fn satisfies
the condition of Assumption 2. Furthermore, let either

n(z) =7i([|[Az + b|j;2), A€ R>? beR?
or
n(z) = i](aTZ + b), acR? beR,
where 77 : R — R and 17 : R — R are functions of bounded variation on R.

This assumption guarantees the strong uniform convergence of g, to g as is shown in Lemma
6 and Corollary 4 in Section 6 below.

Corollary 1. Assume that the conditions of Theorem 1 and Assumption 4 are satisfied. Then
we have for any Kk € R

K

lim P (fn<x> — @y < f(X) < fulX) + nn(x) for all x € [0, 1]2) e,

n—oo
where the sequence Oy, .(x) is defined by

gn(x)(ﬁ + dn)HKHZ

(I)n,n(x) = (277)2nanhf8+1

2.5 Obtaining Quantiles

Since the speed of convergence in limit theorems of the form (9) is known to be only of
logarithmic order (cf. Hall (1991)), the error in coverage accuracy of the asymptotic bands
decays also only logarithmically. For this reason we propose two alternative ways to obtain
quantiles that can be used instead of ¢;_, for the construction of the confidence surfaces in
this section. The first one is based on a strong invariance principle (see Lemma 4) and is
referred to as Gaussian method in the following sections and the second way is based on a
bootstrap re-sampling method.

2.5.1 Gaussian method

For the Gaussian approach we simulate realizations of #id normally distributed random vari-
ables. In Section 6 we show that, even though the residuals (Yi; — g(@;,;))/\/g(w;, ;) are
not identically distributed and follow a discrete distribution,

. . W& —Ti Y2 -
Zno(y) = nh™ 0 (fuly) = Efuly)) = nanh Z (Yij — g(xi,rvj))Kn(yl . z , Y2 . ZL‘])
1,]J=—"n

can be approximated in sup-norm, with an error of sufficiently small order, by

B n e e
Zn,l(y) = nznh Z ni,j\/g(xi,xj)Kn<y1 - mz, Y2 - m])’ (12)

LJ=—"n

where the 7; ; are itd standard normally distributed random variables.



An application of Lemma 9 backwards yields that Z,, ; in (12) can be replaced by

h‘ﬁ 1, Y2 xT 2 — X
Zualy) = "V I ) S n o (P B, (13)
7]7_77‘
For the Gaussian approach to simulating quantiles, generate M fields {nll-’j |(i,5) € {-n,...,n}?},

[ =1,..., M of realizations of #id standard normally distributed random variables. For each
[, calculate

Z'fl,2(y17 Y2 ) -

)

12/ g(y1, y2) Z ( — yz—mj>
naph = h h

on a grid of values (y1,y2) € I? and compute the suprema

Sl = sup |Z7l172(y)], l=1,...,M.
(y1,y2)€l?
Finally, estimate the (1 — «)-quantile g, 1_o from the sample S}, ..., SM.

Corollary 2. Assume that the conditions of Corollary 1 are satisfied. Then we have for any
keR, ae(0,1)

lim P (fn(x) — B < (%) < fulx) + O (%) for all x € [0, 1]2) —1-a,

n—oo
where the sequence ®7 (x) is defined by

(%) (P2=2 + dn) | K2
(27)2na, hB+1 ’

(Dz,a(x) =
where gy 1—q is the estimated (1 — a)—quantile of supyepo )2 |Zn,2(¥)|-

2.5.2 Poisson Bootstrap
For the bootstrap approach we suggest to generate data
Y;*] ~ Poisson(@n(:ni,xj)).

Conditionally on the observations, the field Y = {Yz*J |(i,5) € {-n,...,n}?} consists of
independent, Poisson distributed random variables with E*(Y;;) = Var*(Y;";) = gn(zs, ;).
Define ff;(y) and §*(y) as the bootstrap versions of the estimators fn and g, that is

A 1 * Y= % Y2 — 2y
So(yr,y2) = (2m)2nda2h? Z Yiikn < h 7 h '
" (Zvj)e{_n7’n}2

and
g* if g5 (y) < g%
g(y) =1 a:(y) if g (y) € lg*, G,
G* if'g; (y) > G*,

10



where g (y) = (f:{ * ¢) (y)

This way, generate M bootstrap fields {Yzl;‘ | (i,5) € {-n,...,n}?}, 1 =1,..., M and define

W = — .
1% § : L _ Yy — &y Y2 — @
Z (yhy? h - Y wlvxj))K < h 3 h ])

on a grid of values (y1,y2) € I? and calculate the suprema

Sk= sup |Z%(y,pe), l=1,...,M.
(y1,y2)€l?

Finally, estimate the (1 — «)-quantile ¢f__, from the bootstrap sample S}*, ..., SMx,

Lemma 1. Let the assumptions of Lemma 6 be satisfied. Then, as n — oo

. . _1
sup |35 (y) — gn(y)| = op(log(n)~2) a.s..
y€[0,1]2
The following corollary is a direct consequence of Theorems 1 and 3 and Lemma 1.
The next Theorem justifies the use of a bootstrap procedure in order to approximate the
quantiles.

Theorem 3. If the assumptions of Theorem 1 are satisfied, the following two limit theorems
hold:

lim P* | sup (v;;(x)*%| Frx) = folx)] —dn) dy<k|=e2" as,  (14)
n—o0 x€[0,1]2
and
: * ~ % [ P _ e~k
lim P* | sup (vn(x) 3 (x) — fo(x)] —dn) dy < k| =e as.,  (15)
n—o0 x€[0,1]2
where
. 9(x) [ K2 . 9" (x) [|K]]2
Up (%) = (2m) n2a2 h2+2P and U, (x) = (2m)An2a2p2+28

The sequence d,, is the same as in Theorem 1.

Corollary 3. Assume that the conditions of Corollary 1 are satisfied. Then we have for any
keR

~

lim P* (fn(x) na < f(%) < fa(x) + @5 4 (x) for all x €10, 1]2) =l-a as.,

n—o0

where the sequence @}, ,(x) is defined by

G () ("= + da) | K |12
(27)2na, hA+1 ’

D), 0(x) =

where qi_,, is the (1 — a)—quantile of either bootstrap procedure (14) or (15).

11



2.6 Stochastic multiresolution analysis in nonparametric regression

In this Section we give a short summary of the basic ideas of stochastic multiresolution
analysis, which will be used below to select the regularization parameter for the estimator
(4) (see Bissantz et al. (2008)). The basic idea amounts to testing the distribution of the
residuals on all scales for being distinguishable from pure noise and is based on the following
theoretical result.

Assume that we have data at our disposal according to model (2) and let fn be some re-
construction of the (unknown) true image f. We aim to decide whether fn is a reasonable
reconstruction of the data, which, in turn, will indicate whether the regularization parameter
h involved in the computation of (4) is acceptable. If so, we expect g, = 1 * fn to be a good
approximation to the true observable image g := ¥ x f and the residuals

Yij = Gn(xi, )

Gn (T4, ;)

R;j = (16)
should resemble standardized Poisson noise (model (2)). Large values of R; ; indicate substan-
tial remaining signal in the residuals due to over-smoothing of the estimator (4) whereas too
small values of R;; indicate over-fitting. In both cases we would consider the corresponding
regularization parameter improperly chosen.

In stochastic multiresolution analysis we aim at testing the distribution of residuals simul-
taneously on all scales for significant deviation from randomness and for indications of over-
or under-fitting. The basic idea is to check the residual properties on all scales by means of
the increments of their partial sums which in the most simple (i.e. one-dimensional) setting
implies controlling the value of the statistic

|55 — Sil

l
D(n) = — h = i
() = X otk logmy)’  “here S ;R

where k = j — i and « is the inverse Chernoff function of the R;, which depends on the
distribution of the residuals (16). Note that this test considers all scales for testing if the
residuals are consistent with pure Poisson noise, which is very different from a test based on
a global statistic such as the sum of squares of the residuals.

By a result from Steinebach (1998), D(n) — 1 almost surely as n — oo, which suggests to
consider choices of the regularization parameter to be reasonable if D(n) ~ 1. Note that for
fixed n, the difference S; — S; is the increment of the (discrete) partial sum process S(.) over
the set [i,7] N {1,...,n}.

In image analysis we have to consider two-dimensional signals f(z1,z2) and hence two-
dimensional arrays of residuals as well as two-dimensional partial sums and their increments.
To this end define the double-indexed partial sum S;, ;, by

i1 12
Sitip = Z Z Rpq
p=1qg=1
and its increment Z(;, is) (j1 jo),(n1,n2) OVer the discrete grid X, i) (i), (n1me) = [i1,71] X

[’ig,jg]ﬂ{l,..‘,nl} X {1,...,77,2} by

I(i1,i2),(]'1,j2),(n1,n2) = thjz - Si17j2 + Si17i2 - Sj1,i2 = Z RP»Q' (17)

PAEX (i ig),(i1,d2), (n1,m2)

12



This means that in the two-dimensional multiscale approach we need to control the normalized
increments Z(;, i,) (j1.j2),(n1,ne) fOT all rectangles X Kabluchko and Munk
(2009) showed that

i1,i2),(j1,42),(n1,n2)"

I(i1,i2),(j1 ,J2),(n1,n2)

limX max TR YT =1 a.s.
n—oo . . . . J1—11)(J2—12
(i1,i2),(41,52):(n1, "2) —1 —19) 7)

1<ip <jn<np, k=1, (71 = 41)(j2 — i2) < Tog(n)

if {Rpq|(p,q) € N2} is an array of independent and identically distributed random variables
with unit variances such that log E(exp(0 Ry q)) < oo for some § > 0. Hence, the same ideas
as in the one-dimensional case apply in the two-dimensional setting as well.

3 Material and methods

3.1 Microscopic images

For live-cell imaging HeLa-Cells (ATCC) were cultured on cover-slips with Dulbecco’s Mod-
ified Eagle Medium (DMEM), 5% Fetal Calf Serum (FCS) at 37°C. Prior to staining the
cells were washed three times with Phosphate Buffered Saline (PBS). Cells were then incu-
bated with the lipophilic carbocyan dye Dil (Molecular Probes) in DMEM for 5 min at 37°C.
Cells were washed with DMEM to remove excess dye and were then subjected to fluorescence
microscopy using a confocal laser scanning microscope (Leica TCS) equipped with a HeNe-
Laser. The samples were excited at 543 nm and imaged for about 50 seconds. Finally, the
number of pixels per image is 512 x 512 = 262144 and the number of time steps is 8+1.

3.2 Image reconstruction and parameter selection

For the image reconstruction we use the estimator (4) proposed in section 2.1. Such regu-
larization methods require to fix a regularization parameter for the method. In the case of
the damped spectral cut-off estimator (4) this amounts to the selection of the regularization
parameter h.

We suggest the following procedure based on the multiresolution introduced in Section 2.6
and which is based on the multiscale statistic

>, R

. L.kl
('M])eAij

MR = max ,
P20, (L2 10g(n2))
where AX®! is the partition with number (k,1) of a partitioning of the residuals
R, ;= i with 7 :=Y; fn(ar:1 , T3 )).
T sd(fiyg) !

of the image after deconvolution. L is the number of pixels along each coordinate axis of the
partitions and p;l the inverse Chernoff function of the R; ;. Fig. 3 shows a map of the image
partitioning in two different scales.
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Figure 3: Partitioning of the residual image along two scales with L = 8 and L = 64,
respectively.

The multiresolution statistic 'measures’ the image quality on all scales considered. Whereas
it can be shown theoretically under suitable assumptions that the multiscale statistic M R
converges almost surely to 1 for n — oo, for finite size data the statistic M R shows a distri-
bution of finite, non-zero variance due to the randomness of the residuals. Hence, we suggest
the following approach. First, we simulate M R and determine the 5% and 95%-quantile of
the simulated distribution (see Section 3.3 below for more details). In other words, in 90%
of the cases the residuals, if due to random fluctuations for a Poisson data model, should be
within these two quantiles. Then, we consider all regularization parameters which result in
M R-values within this confidence interval to be acceptable and use the mean of these values
in our subsequent computations. It turns out that the results from such simulations are only
insignificantly dependent on the true test image used for the generation of the artificial data
in the simulations. Hence, it is sufficient to determine the distribution of M R only once as
long as the the main image characteristics (in particular the mean signal in the pixels) have
not changed severely. Most importantly, for our application in live cell imaging, the differ-
ences between pictures from different time points taken with similar imaging properties (in
particular) exposure time are negligibly small, such that a re-simulation of the statistic M R
is clearly not required.

Numerical simulations indicate that the reconstruction can be difficult close to the edges of
an image. Moreover, the PSF can be substantially different close to the edges as well (see ?).
Hence, we propose to focus on the most central part of the image for determining the value
of the statistic M R. For computational reasons it is preferable to have a power of 2 as the
number of pixels along each coordinate direction. Therefore, we use the central quarter of the
image, however this can be changed as appears reasonable for the image under consideration.
Figure 3 shows the smallest and largest partitioning of the image used in the computation of
the multiscale statistic. In general, it is not feasible to use smaller scales to avoid problems
which can be introduced by numerical artifacts, imperfect modeling of the PSF or similar
problems. All these issues can result in a breakdown of the Poisson assumption for single
pixels, where this problem is averaged out to a sufficient extent if a minimum number of
pixels is included in the sum of residuals.
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Figure 4: Simulated multiscale statistic for Poisson residuals. Left: Residuals based on ar-
tificial images generated with constant Poisson parameter approximately equal to the mean
signal in the true images and right: Residuals for the difference of two random images gener-
ated according to the procedure on which the left panel is based. See text for details.

Figure 5: Left: Multiscale statistic for different regularization parameters of the damped
Fourier estimator for the reconstruction of the image at time 0 with confidence limits from
simulations of the multiscale statistic. Right: Results for the test image.

3.3 Data reduction

Based on the methods discussed in the previous sections we suggest the following pipeline for
data analysis.

1. Definition of the PSF for estimator (4). In practical applications, the PSF is often only
imperfectly known and has to be estimated from data. Fortunately, it is known that
the convergence properties of estimators in so-called blind deconvolution problems are
not deteriorated if (additional) data is available for estimation of the PSF (see Hoffman
and Reiss (2008); Hall and Qiu (2007)).

Here, the PSF is estimated from high resolution images of a solid ball of 200nm diameter
(bead), which was imaged at &~ 7x the resolution of the images of interest along each
axis, i.e. ~ 50 pixels per pixel in the production images (see Figure 2). Hence, due
to the significantly larger amount of data available, we assume the PSF to be known
a priori. The PSF has the shape of a Laplace distribution with parameter A, i.e. its

shape is
1
¢($1, x2) = ﬁ : exp(— x% + QS‘%/)\),
where A = 0.065 was determined with the method explained above. Whereas the

theoretical results on which our confidence bands are based have not been shown for a
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PSF with the shape of a normal density, we have used it empirically in the simulations
and it turns out to yield on insignificantly different results as compared to the Laplace
PSF results.

. Selection of the regularization parameter with the multiscale method. For this we use
simulated quantiles of the test statistic, where the simulations are based on an image
with pixel intensities similar to the mean signal in the image at time step 0. For
comparison we have also performed simulations based on the difference of two images,
similar to the previous approach.

In Figure 4 we compare the resulting distributions. To this end, we have generated
artificial images and determined the value of the multiscale statistics for 1000 such
artificial images, where the pixel values are generated as follows. In the left panel,
each pixel value is distributed according to a Poisson distribution with constant Poisson
parameter approximately equal to the mean value of observed counts in the true images,
and in the right panel, each pixel value is the difference between two realizations of the
image generated according to the procedure described for the left panel. Using an image
or a difference map (with much smaller mean count rate than the image) does not have
a significant impact.

Figure 5 shows the multiscale statistic for estimates with the damped spectral cut-off
method in dependence of the regularization parameters from 1000 simulations each.
The horizontal lines indicate 90% confidence intervals determined from the empirical
quantiles of the simulated distributions of the test statistic. We will use a regulariza-
tion parameter of 0.23 in both cases in the subsequent reconstructions. Note that all
regularization parameters given below are in terms of the Nyquist frequency.

. Reconstruction of the images both with a damped spectral cut-off approach (4) and
determination of the differences between the reconstructed images at different time
steps.

. Bootstrap simulations of the quantiles for the confidence bands for the difference be-
tween the reconstructions at two different points in time. Here, we use only image pixels
which are at least 5% of the axis length from the edges of the image to avoid problems
with reconstruction at the image edges.

. Determination of regions of significant change in the difference maps between images.
To this end, we determine whether the observed difference at some pixel position (i, )
is larger than the 90% or 95% quantile (depending on the significance level «) of the
simulated quantiles. If yes, a significant change is indicated.
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Figure 6: Results for the test image. All regularization parameters given below are in terms
of the Nyquist frequency. See text for details.
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Figure 7: Damped SC method reconstructions for a selection of regularization parameters for
time step 0. All regularization parameters given below are in terms of the Nyquist frequency.
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Figure 8: Damped SC method reconstructions for a selection of regularization parameters for
the difference between time steps 0 and 3. All regularization parameters given below are in
terms of the Nyquist frequency.
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step 1 vs. timestep 0
e

imestep 3 vs. timeste;

Figure 9: Significant differences between time steps 1 and 0 and 3 and 0 from different
methods. Left: Regions with significant change with time of the image. Right: Difference
maps overlayed on the image at time 0. In the middle of the right pictures from time-point
1 to 3 the budding of a small vesicle from a larger tubular structure can be observed.

4 Results

In a first step we have used artificial data to test the estimator in combination with the
multiresolution method for feasibility. Figure 6 shows the results for the damped spectral
cut-off estimator and the multiresolution parameter selection method for a test image with
approximately the same mean Poisson parameter in the central part of the image (which is
essentially used in the determination of the multiresolution statistic). Both from a visual se-
lection of the optimal regularization parameters and the multiresolution statistic we conclude
on optimal regularization parameters which are the same (and the images for regularization
parameters 0.07 and 0.085 as most preferable choices).

In the second part of our numerical study we have applied our method to the Hela cell data.
Figures 7 and 8 present the estimates for some regularization parameters for the image at
time step 0 and for the difference between the images at time steps 0 and 3. Note that the
multiresolution method indicates a best choice for the regularization parameter of 0.23.

In more detail, living HeLa cells were stained with the fluorescent dye Dil which labels lipid
membranes in the cell. These so called intracellular transport compartments consist of round
vesicular and tubular structures (see lower picture on the left side of Figure 9). The vesicles
and micro-tubules mediate intracellular transport processes and are rapidly moving within the
cell. The presented method is also suited to detect structural changes of biological relevance
in the observed object: E.g. in the middle of the right pictures of Figure 9 the budding of a
round vesicle from a tubular structure can be observed between the time-points 1 and 3. A
second example in the center of the upper right picture of Figure 9 shows the budding of two
vesicles from a tubular structure : At time step 3 a tubular structure is located in the middle
of the center cell. At time step 7 in the bottom right picture two small vesicular structures
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(in yellow) have been emerging from the tubular structure which shows the pinching off of
two vesicles.

5 Discussion

The results indicate that the method presented above provides biologically relevant infor-
mation on small scale structural changes in time resolved fluorescence microscopy of living
cells. Intracellular transport, which was monitored in the present experiment, plays a vital
role in the functioning of an organism. It is e.g. involved in receptor signaling processes in
the nervous system and the immune system. Defects in intracellular trafficking in the ner-
vous system play a key role in the onset of neurodegenerative disorders such as Alzheimer’s
or Huntington’s disease. In summary, this method may contribute to elucidate processes of
intracellular trafficking in living cells and thereby also provide insight into defects of these
transport processes which may lead to neurodegenerative diseases.
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Center “Statistical modeling of nonlinear dynamic processes” (SFB 823, Teilprojekt C4) of
the German Research Foundation (DFG).

6 Auxiliary results

Lemma 2. Suppose that Assumptions 1, 2 and 3 are satisfied and that na,h?> — 0 for n — oco.
Then

()

O(mlhﬂ + RO + affgh—ﬁ(anh)sf") veN
sup [ fu(y) —E[fa(y)]] =
y€[0,1] O<na1hﬁ + BSF 4+ a;?fgh*ﬁ(anh) L“/J/\an> v ¢ N,

where Sy and Sy, denote the constants defined in Assumption 1.
(ii) With the definition

) = 9(y) 1Kl
n T (27r)4n2a%h2+25

the following asymptotic expansion holds for the variance of the estimator fn
. 1
Var(fu(y)] = valy) + 0 <nga%hg4_25> :

Lemma 3. Suppose that Assumptions 2 and 3 are satisfied and recall that § = [ - 7,
1/ Fip(€) = (P(€))7, where P is a polynomial of degree 5'. Define

VE) = > ai g™ and K(z):= | Fn)U(E)exp(i€Tz)de. (19

(17)€0, )2 R
it+j=p'

Then the following properties hold:
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W~ we)| = o)
Fo($) -

(i) |WP K, — K|, = O(h), for all p € [2,00).

(i) sup

56[71’1]2

(111) Recall that Sry is the degree of smoothness of Fn (see Assumption 2). If v € N, all
partial derivatives of order a 0*hP Fn/Fy(-/h) are bounded for all || < Sry:

Jm [Jomnt

() If v ¢ N, (20) holds for all double-indices a with || < min{Szy, |v]}.

< 00. (20)

(v) There exists a constant C' such that

Gt

)= (Fa©)w©)| < Chly (6.

if lae] = 1.

(vi) a) For all @ € N? the following estimate is valid:

/[1/( . h)}2|hﬂaaKn(Z)*80K(z)’dZ:O(h\/10gW)_

b) For alla € N2, j = 1,2 the following order of convergence is obtained:
/ ‘hﬁﬁaKn((zl, 22)) - 8"‘K(zl, 22)} de = O(h)
R

Lemma 4. Suppose that Assumption 1 holds and recall that S;; is defined as the (i, j)-th
partial sum of the standardized Poisson variables Yy from model (2), that is,

i

J
. Yii — 9(Xk,
Sij = ZZE]@,Z with e = ——F——" (X, )

=1 =1 9(Xp,1)
There exists a Wiener field W on [0,00)? such that for arbitrarily small pn > 0

sup  [S ) — W(i,j)| = o(n*) a.s.

(1.5)€{1,...,n}?
Lemma 5. Let {W(t) |t € R?} be a Wiener sheet, K some kernel with either bounded Fourier
transform |FK| < K* or finite L'-norm ||K ||y < co whose partial derivatives 0°K of order

up to |a| = 3 exist and are square-integrable. Then, if h = hy, — 0, the field

Zn(x) = 2/}1@ K(X - y) AW (y)
satisfies

sup |Zn(x)| = Op(1/log(n)).

x€[0,1]2
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Lemma 6. Let g, be the following estimator for g =Ty f:

1

n(y) = gz [, FE) expliE"y)F(hg) de.

Under the assumptions of Corollary 1

- 1
sup  [gn(y1,92) — 9(y1,y2)| = 0(7> a.s.
(y1,y2)€R? log(n)

The following simple observation allows us to transfer the convergence result for g, from
Lemma 6 to the estimator g, defined in (11). If the function g is bounded from below and
above, ¢g* < g < G* we find

Hg _gnHoo § Hg - gn”oo

Corollary 4. Under the assumptions of Corollary 1

sup  |gn(y1,y2) — 9(y1,92)| = 0(7
(y1,y2)€ER?
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7 Proofs

7.1 Proofs of the main results
Proof of Theorem 1

Note that by the assumptions of the theorem Lemma 2 implies

sup |fuly) ~ E[fu®)]| = o ———)-

ye[o,1]2 log(n)

Thus, we only need to consider the stochastic part fn(y) —E[ fn(y)] In the subsequent proof
we aim at approximating the standardized quantity

Zno(y) = o0 * () (aly) — ELn(3))

n 3 Yy —Xij
TR o=, e ~ 90K (552) £8

by a suitable Gaussian process uniformly with respect to the variable y € [0, 1]2. To this end
we split the grid of indices {—n,...,n}? into the intersections with the four quadrants in R?
and the intersection with the axes, that is,

{-n,...ony? =T, _UZT,_ UL, UL,y UR,,

where R, = {0} x {—n,...,n}U{-n,...,n} x {0}, Z,, - + = {—n,...,—1} x{1,...,n} and
so on. We first show an approximation result for the sum over the index-set Z,, ; 1. The result
implies the respective results for the sums over the remaining quadrants. Finally we show
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that the sum over R, is negligible.

The approximation is realized in several steps. We start with the initial process Z:[’ 0"
_1 . .
Z5o(y) = va” () (faly) — ELfa()])

hﬁ n _—
B 1K|l2v/9(y)nanh ijzzl(y(i’j) - Q(XU))KH<TJ) (22)

In the first step (22) is approximated by

Z;ZI(Y) = hﬁ{ S W(Z7])/ aéLIMZ‘n,y(Z) dz
V9(y)nanh =1 [%s,5Xi+1,5+1]
n—1
~ 1

— W(z,n)/ 8;0’1)&% —, 29 ) dzo
; [zi,2it1] y(a" )
n—1 " 1

- Z W(”?]) / 8éLO),Cn,y (Zb 7) dz
=0 5,2 41] n

+ W(n, n)l%my(xn’n)}, (23)

uniformly in y with an error of sufficiently small magnitude, where

& 9(xi;) Y —Xij
Cuxia) = e, ()

Subsequently (23) will be is approximated by the integral

hB ~
Zhy(y) = Koy (2) AW (2). (24)
? mo(y) Joaage
In order to get to (25)
P y—2
- ._
Z50) = e /{mw K, (Y2 W (2), (25)

from (24) the localizing property of the scale family of kernels is used.

In two final steps the sequence of kernels K, is replaced by the limit kernel K, defined in
(19), and the domain of integration is extended from [0, 1/a,]? to [0, 00). Those approximation
steps are performed in Lemma 7 to Lemma 11. The corresponding approximating quantities
are

1 y—2z
+ —
Zn,4(y) T HKHQh /[071/%1]2 K( h ) dW(Z) (26)

and
1 y —Z
Zr ::/ K(Z—=)dW (). 27
1500 = 5 Jo e K7 ) W (27)
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Step 1 of the proof of Theorem 1: Z,, — Z,

Lemma 7. Under the assumptions of Theorem 1 there exist a Wiener field on a suitable
probability space and a small constant v > 0 such that

sup }Z:O (y) — Z:’l(y)}:O(n”’) a.s.

y€[0,1]?
Proof. Define
Yy g(xiy)
€ij 1=
9(xi;)
Then {e;; | (i,7) € {1,...,n}?} is a field of independent, centered random variables with unit

variances and

y(Xi ). (28)

Zto(y) = Fm Y ek
n

3,7=1
We now define the double-indexed partial sum Sy ; of the €; ; by
k l
Sk,l ::ZZQJ‘, Sk,lEO if ’i-jZO.
i=1 j=1
Using the identity

gij = Sij — Si—1,j + Si—1j-1 — Sij-1,
j j

we obtain
Zyo(y) = \/g—nan {”Z:lS,g ny (Xit1,j41) — Ky (Xig15) + Kny (xij) = Kny(Xij+1))
n—1
- Z Si,n (’Cn,y (Xi-i—l,n) - ICn,y (Xi,n))
=0
n—1 . _
= S0 (Kny (Xnjs1) = Ky (%05))
=0
+ Sn,nlzn,y (Xn,n) } .

Next, we make use of the following three identities

KnyXi+1,j+1) = Kny (Xit1,5) + Kny(%ij) — Kny(Xij1) = /[ ] 0Ky (2) da,
Xi,jrXi+1,5+1

. . - /1
Kny(Xit1,n) = Kny(Xin) = /[ | 6;0’1)’Cn,y(a*a Zz) dz,
TiyLi+41

n
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and
~ ~ 1
K:n,y(xn,j+1) - K:n,y(xn,j) = / aél,O)K: (Zh ) dz.
[xj,2541]

Let W be the Wiener sheet defined in Lemma 4. We obtain
hB

Zto(y) = Zt 1 (y)| < —=—=—— sup [Sij— wmn{/ 05" Ky (2)| dz
g9(y)naph 0<ij<n [0,1/an]?

~ 1
+/[01/ }8;071)]Cn,y<a722>‘d2’2+/[01/ ]’810)]Cny<2’1, )\d21+!ICny(xnn)y}

By Lemma 3 we find the estimate

sup |Si; — W(i,5)|Clg*, G*) [I0V K|y

nanh 0<i,j<n

+ 0N K|y + 0OV Ky + || Koo + O(v/1og(n)h)],

Zo(y) = Zy 1 (y)] <

where all the estimates on the right hand side are independent of the variable y. Hence, by
Lemma 4

sup ’Z+ ’— <

> a.s.,
yE[O 1]2 nan

for some arbitrarily small ;¢ > 0. Since, by the assumptions of Theorem 1, na,h!*? — oo as
n — 0o, § > 1, we can find a positive constant u such that for some small constant v > 0

nH

naph - O(niy) ’

which concludes the proof of this lemma. O

Step 2 of the proof of Theorem 1 : Z, — Z,

Lemma 8. Under the assumptions of Theorem 1

sup |Z,01(y) = Z,»(y)| = Op(Vlog(n)).
y€[0,1]?

Proof. Integration by parts and scaling of the Wiener sheet gives

KB

- OV Ky (2)W (anz) dz
anh\/g(T){ /[xi,jvxi+l j+1] Y
~ 1
_/ 01 ]C (— ) (1, anze) dzs
[wi:xi+1] an

/ 10)IC < i)VV (anz1,1)dz
[2,2541] Gn
T+

+ W1, 1 ny (Xnn }
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since W (i,j) =01if i - j = 0. Hence
hP =

anh/9(y) ”221 [Xi,5:%i4+1,5+1]

Z}o(y) — Z} 1 (y) = O Ky (2) (W (i/n, j /n) — W (an2)) dz

n—1
~ 1
— Z/{ ] 6;0’1)1Cn7y (a—, zg) (W(1,anz2) — W(i/n,1)) dz
1=0 Ljy,Ti41 n
n—1
~ 1
_ Z/ 3;1,0)]Cn7y (21, —) (W(l,j/n) — Wi(apz1, 1)) dzl}.
j=0 [zj,2541] n

By the modulus of continuity of the Wiener sheet (see 7, Theorem 3.2.1) we obtain

Wi(s) —W(t
lim sup sup M < 48.
n—00 S,tE[O,l}2 % log(n)
si—ti|<t,i=12
Thus
h?\/log(n W(s) — W(t)] ~
2 - Zia) < J YA e RO g, )

9(y)vnanh s,t€[0,1]2 \/ * log(n)
|si—ti|<2,i=12 n

~ 1 _
+ /[0 o |8£0’1)’Cn’y (;, ZQ) | dzo + /[0 . 8(1 0) ]Cn,y (Zl, ) |dz1 + |Kn,y(xn,n)|}~

Similar to the proof of Lemma 7 we conclude

12320 = 25| = 0 (Y2 ) = or ()

Step 3 of the proof of Theorem 1: Z;, — Z,

Lemma 9. Under the assumptions of Theorem 1

sup |2, 5(y) = Z, 3(y)| = Op(v/log(n)h)

y€[0,1?
Proof. Recall that
+ h

Zn’Q(y) = 7]1 g(y) [071/(1”]2

P y—Z
= vVg(z)K, dW (z).
h/g(y)[ K]l2 /[071/%]2 o ( h ) g

Koy (z) dW (z)

With the definition

9(1,0) 22 — Y2 o0,1)
y)+ 0
(Y) 2y/9(y)

FJF
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we obtain the following decomposition of Z,, 2(y):

P y—Z
Zpoly) = ——t Gy, 2)Kn, AW (z
) h\/g(y)HKHz/[o,l/anP (v 2K (55 W )

h? y—Z
S V(z) — Gy, 2) K, AW (z
+ KD [01/%]2( 9(z) = G(y,2)) ( ; ) (z)

=: Z:,ZI( )+Z 211()’)

where Z:,?J (y) and Z;Q,H(y) are defined in an obvious manner. Notice that

WPo0g(y) Y1 y—%
7 () = 2 (y / K, AW (z
n,Q,I( ) ,3( )+ 2\/7”[{”2 10,1 /an]? h ( h ) (2)

[0,1/an]? h

2\/9(Y)||KH2 h

o

Further

O WIKL [ v
. =7 — = LK, - K d
Ziay) = Ziaty) + T PSR [ )(22) aw

90 Vg(y) 22— Y2, y—z
+/[01/an (WK, — K)( - ) W (2)

2/ g1 K]l2 h
3(10)() / =Y, (Y —Z
K dW (z)
2\/ VK2 /a2 N ( h )

5(01) 0% g(y) / 20 —Y2 (Y —Z
K dW (z)
2\/ VIK2 Jio1/a,2 7 ( h )
ot

= Zl(v) + 5 F( 2550+ 205000 + 2050 (3) + 254 (9):

Define

= oG y—2
Znaal¥) = 1 }"I[_MP(T) dW (z),

where C' is the constant defined in Lemma 3 (v). Then, since [ [—1,1)2 s compactly supported,
all derivatives of FIj_; ;)2 exist and are square-integrable and [F(FI_y 12)| = [[|—1 12| < 1.
By Corollary 2.2.8 in 7 we find

E[ sup |Zns25(y)l] = O(v/log(n)).
y6[071]2

Further, by the Plancherel equality

. - c? t ?
Bl ass) = Zuas®f = i |, on(€75) e (€7 e

1 1 ~ ~ 2
E|Z31(8) = 23 1(6)|* S E|Zups(s) = Zups(t)| Vs,te 0,12,
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by Lemma 3 (v) since

Ak, k) (L) = ‘ ( 2;)3 Joon( ]f gé)) — Fo)uie)) exp(~igTY) ds’.

Hence, by the Sudakov-Fernique comparison inequality (see, e.g. 7, Theorem 2.2.3) it follows
that

E[ sup |Zly,(y)l/h] <E[ sup IZn,z,a(Y)@ = 0(y/log(n)).

y€[0,1]2 y€[0,1]2

Thus
sup |13 (y)| = Op(Vlog(n)h).

y€[0,1]2

Along the same line of arguments we obtain

sup |Z74 (y)| = Op(/log(n)h) j = 2,3,4,

y€[0,1]2

by comparing Z +’?: ; and Z:, ’247 ; to the Gaussian fields

n,2
G* 2 —=Yj (Y —Z ,
K d =1,2.

Ty A G LUCTER

By Assumption 1 the derivatives 0%g, |a| = 1 and the function 1/,/g are Lipschitz-continuous.
Thus, there exists a constant D such that

[Vg(2) = G(y.2)| < D(|z1 — 1| + |22 — 12]).

The assertion of the lemma now follows by a repetition of the steps for the estimation of
Zt, (y) for the field Z 71, ;,(y).
O

Step 4 of the proof of Theorem 1: Z;, — Z,

Lemma 10.

sup |Z,}5(y) = Z4(y)] = Op (hy/log(n))

y€l0,1?
Proof. Define

= Cg y—Z
Znsa(y) = e [ n(Y0) aw (),

" K[| Jrz "\ A
where 7 is the function defined in Assumption 2. Then ||Fn|| < 1 and, since F7 is compactly
supported, 7 is smooth and each derivative 9%n, @ € N3 is square integrable. Again, by
Corollary 2.2.8 in 7,

E[ sup \Zn7374(y)]] = O(y/log(n)h).

y€[0,1]2
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and

~ P~ = 2
Enst =E|Zy34(8) — Znza(t)]

2 _ _
3 ICORICIR
= [ [ (en(iet ) —om(-i73)

where the last equality follows from the Plancherel identity.

2
Est =E|Z;5(s) = Z,, 5(s) = (Z,,5(t) = Z, 5(t))]

= iz L0 s -0 (550) - v -0 () e
_ Hfl(H 5 (thKn—K)<%—z) (WK, K)(E—z> iz,

As before, the Plancherel identity yields
1 hP t S\ |2
Fog= vy €72) —exp(—i€73))|
=15 L fn(z)(m(g) (©)) (exp(i€” ) —exp(—i€™5 ) )| a

< B [ I (on(iy) - on(-i€7))[ = B

where the last estimate follows from Lemma 3 (i). Since E;, ¢ < En,s,t for all s, t € [0,1]% and
E[Z,34(y)] = E[Z7t3(y) — Z:A(y)] =0 for all y € [0,1]? it follows by the Sudakov-Fernique
comparison inequality (see, e.g. 7, Theorem 2.2.3)

E[ sup |Z}4(y) = Z5,3)|] <E[ sup [Znsa(¥)|] = O(hy/log(n)),

y€[0,1)2 y€[0,1)?

which implies

sup |2, 5(y) — Z, 4(y)| = Op (hy/log(n)).

y€(0,1]2

Step 5 of the proof of Theorem 1: Z;, — Z,

Lemma 11. Under the assumptions of Theorem 1

sup |Z},(y) = Z5(y)| = Op (han/log(n)).
y€[0,1]2

Proof. Define

Apas(y) = Z:;,(Y) - Z:A(Y)

1 y—z
= m /(I[O,oo)(y) — I[O,l/an]2(z))K< . ) dW (z).
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Then

E[Anas(s) = Anas(t)]” < h2\|1K||§ / i:l(l/an,oo)(yj)’K(s 5 Z) - K(t 5 Z) ‘2 daz.
=1

If y; > 1/a, and s; € [0,1], j = 1,2 we have

‘ 8 — Yj ‘ 1
h 2a,h
for sufficiently large n. This implies
Si— Y
2a,h %‘ > 1,

which yields the estimate

4a2 2 e 12 _ t—z\ |2
E\An,zi,s(s)—AnAﬁ(t)‘QﬁHKaﬁ%/Z’sj hya‘ ‘K(Shz> _K< hz>‘ dz
=1

< /’8(0’1)(.7:77(2)111(2)) + o0 (fn(z)\I/(z))‘Q‘eXp<i£T%) — exp(—ifT%) ‘de.

Again, by Gaussian comparison (Theorem 2.2.3, ?7) with the Gaussian field

y—§
h

~ 2a,

Znas(y) = gy | F@OD (Fnw) + 900 (Fn)) (€)(

) dgaw ()

and a further application of Corollary 2.2.8 in ? we conclude the proof of this lemma.

Step 6 of the proof of Theorem 1: Negligibility of the remainder

Lemma 12. Under the assumptions of Theorem 1

hB Y — X;j 1
sup (Yiij) — 9(xi5)) Kn J ’ = O( > a.s.
veo,12| | K||2v/g(y)nanh (”)ZeRn (@:3) J ( h ) Vnaph

Proof. Define

€ = Y;0 — g(XZ‘,()) and Sz = Zei, 1= 1, ey

j:l
and write
he n Y — X0 n 3 Y %0
Ro(y) = Yio — g(xi0)Kn =)= fen R
)= Jagy oot (55) = g e (5

It follows that

1 Z Y1 — T Y2
sup |R,(y)| < —= sup ¢(WK, - K ( 7—>
yebz 9 yelo,1p Z; (=B
1 = (yl — T 3/2)
+—= sup 6K , == .
9" yeppaRli = h h
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Furthermore, since K and 1/h(h?K,,— K) are uniformly bounded, it follows for some constant
C>0

sup |R,(y)|<C sup g ci€i| = sup |5
y€[0,1]2 0<c1 <.. <Cn<1 maxlgjgn
< C( sup |Sj—5j|)+C’ sup |§j\,
maxji<j<n maxi<j<n

where S’j is a partial sum of independent and identically standard normal random variables
as in Lemma 4 below. Since the increments S; are symmetric, it follows by Lévy’s maximal
inequality for all A > 0

P(lr%agn\s | > A) < 2P(|S,] > ).

Hence, by Lemma 4, for any small @ > 0

1 1 1
i =0 ) + 0 (i )= O )

Step 7 of the proof of Theorem 1: Combining the results from steps 1-6
Together, Lemmas 7 to 11 yield

1 v -1z
sup |Z1,(y) — / K dW (z
Jomp |0 T RTRT, Jooy () v

Let W be a continuous version of the Wiener sheet in the above integral approximation. Set
W(z) =0if 21 V 29 < 0. Let

=op <log(n)_%). (29)

{Wala € {0,1}°}
be four mutually independent copies of W.Forze R? a € {0,1}? define
Wea(z) := Wa((—1)* 21, (—=1)%22).

With the same arguments used to prove (29) and an application of Lemma 12 we find for the
full process Z,, o

sup
y€[0,1]?

Zoo) = s L K (55) W (@) = op (1og(n)4).

where W(z) = > qcq0132 Wa(2) is a Wiener sheet on R2. By the scaling-property of the
integral process we find

R v

The assertion of Theorem 1 now follows from an application of Theorem 14.2 of 7.

sup
y€[0,1]2

= sup K(y —z)dW (z)|.

yeF[0,1]2
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7.2 Proof of Theorem 2

The proof of Theorem 2 essentially follows the line of proof of Theorem 1. The only difference
is in the estimation of the bias of the estimator fn In order to estimate the bias we use the
representation of the function f in equation (30) below and replace the difference 1 — Fn(€)
by the expansion

8 f" o
- F =F
L= F(§) = Ful0) ~ Fu€) = 150 Fn(0) + & Fu(0) * X e
|a|=2
where £* is an intermediate point and 0 = (0,0)7. Here, we make use of the fact that
8‘1 Al .a .
W}—U(Q = (1) -7:( n( ))(5)
and that
IF(n( )l < II-nll < C
for some C' < oo and for all |a| < 2. Thus,
11— Fn(&)| < |&l|F(tn() (0)] + &) F (t2n()) (0)] + 20(|& 1> + |&)* + |&é)
< fal| [ n(e) ] + o] [ an(e) dt| + 20002 + | + e
By symmetry of n we thus find
1= Fn(€)| <20(1& + |&f? + [G&)).
Furthermore,
9(2) TY 2
(27)3h2 /Rg /RQ ]_—w(%> (1 — ]-'77(5)) exp(z& dz df‘
1 &+ 8+ 168 LTY — %
< (27)3h2 Jge )]:1/}(%>‘ /R2 9(z) exp(l§ A )dz d€.
By a change of variables
9(z) TY ~ 2
(27)3h2 /Rg /RQ ]_—w(% (1 —J-'n(f)> exp(zE d df‘
1 h2&E + W€ 4 1?[61&| T
(%)3/ Fo@) /RZg(Z) exp(@E (v — Z)) dz| d§
&+ 8 + 66| 2
= — F F =0(h
5 L e e F @) de = 00
by assumption. The claim of the Theorem now follows by Theorem 1 and Lemma 2.
]
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Proof of Lemma 1

Since 0 < g* < g, < G* by definition, conditionally on the data ), the bootstrap residuals
€;; = Y — g(x;;) are distributed according to a centered Poisson distribution for which
all moments exist, because higher moments of the Poisson distribution are polynomials in
the parameter, and are uniformly bounded with respect to the indices (i, j). Hence, the same
arguments as in Lemma 6 apply and the assertion of the lemma follows. O

Proof of Theorem 3

Define the bootstrap analogue Z; o of Z;,: o by

hB n — X
Zia(y) > (Vi) = nlxi) K (=22

a HK||2 V gn(Y)nanh i,j:1
h? ~ I . Yy — Xij
= S gn(xm)gi,-[(n( : )
| K ll2v/3n (¥ nanh Z: ’ h

Since 0 < g* < g, < G* by definition, conditionally on the data ), the bootstrap residuals
er; = 1/9(xi ;) (Y — g(xi;)) are centered, independent with unit variances, where all mo-
ments exist and are uniformly bounded with respect to the indices (i, j). Hence, by Lemma

4, there exists a Wiener field W*, defined conditionally on the sample ), such that

1S jy» — W*(i,5)| = op(n") a.s.

With the same approximation steps as in the proof of Theorem 1 we obtain that Z;r, o can be
approximated by

1 y — X 3
coe | K (Y ) i @) + o ((log(n)
hIIK])2 /R h (2) + op((log(n)) %)

uniformly with respect to y € [0,1]2. We further conclude that

P( sup |Z;5(v) <5 |Y) =P sup |Zus(y) < k)
yE[O,1]2 y6[071]2

for all kK € R. An application of Theorem 1 concludes the proof of this theorem.

7.3 Proofs of the auxiliary results
Proof of Lemma 2

Recall from Remark 3 (iv) that some useful properties of the reciprocal 1/F1) of the Fourier
transform of the function 1, which are implied by Assumption 3, are listed in Lemma 3 in
Section 6. These results can be used to derive convergence properties of the sequence of
kernels (K,,)neny which allow for the definition of a “limit kernel” (see (19)).

(i) Recall that

R 1 n — X
faly) = W ‘ Z Yi,an<y7hx’])7

,J=—"n
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where

K, (z) = exp(iéT'z) dz

and Y; ; ~Poisson(g(x; ;)) such that

E[fn(y)} (2m) n2a2h2 Z 9(xi i) K (y _hXi’j>‘

We now express f in terms of its Fourier transform F f and make use of the relation

179
21 Fap’

Ff=

which yields

= ez L L. e (%) (Fn() + 1= Fn()) exp(i€" 2 ) dude.

Hence
fly) = (2753}&2 /R2 /R2 ;ZfZ%) Fn(§) exp(ZET - )dzdf
i o fu gy () (6 e
Further, with the definition A,, := [—1/ay, 1/a,]* we write

1) = Gy /A ol (Y7 de
+ (2;%2 /AC 92K (Y7 dz
(z
MCOEE /Dc /]1@ ffb(%) (1 —fn(ﬁ)) eXp(ZST ; )dzdg
=: f1(y) + fo(y) + f3(y),

where f; and fy are defined in an obvious manner. To derive the latter decomposition we
used that 1 — Fn(€) =0 for all £ € D by Assumption 2.

>

| f3(y)] =

o/ ff(f)(l—fn(f))eXp(inﬁ)d&' <1 [ iFrele=om)
5 D¢ #

2
T )1 s hDC
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by Assumption 1. By Lemma 3 (ii) and (vi) we have
|K, — K|p,=0(h) if pel2,00) and [(K,— K)Ia,|1 = O(hylog(n

Straightforward calculations for the integral approximation yield

B[f )] = 73) + 0(75):

We now estimate f5. Notice that K, can be expressed as a Fourier transform as follows:

Ko (z) = F(%(z)).

(ii) For each double-index (i, j), for which the derivative 99 (Fn/Fi(-/h)) exists, we find

o o 1 -
1P D Kn(a)|| , = [[RPFOUD (FufFo( /)|, < 5 [700D (Fu/Foe/m)ll, (1)
by the Haussdorf-Young inequality. If v € N inequality (31) holds for all double-indices (4, j)

with i 4+ j < SF,. If v ¢ N, v > 1, inequality (31) holds if i 4+ j < min{Sx,, |y]}. Assertion
(i) now follows by Assumption 2, Assumption 3 and claim (v) of Lemma 3 in Section 6.

For the variance of the estimator we obtain

R 1 Yy —Xij
Var | fn(y)] = W 9(xi5) K2( h J)

- o5 0 )
%)

- (277)4;%%}14 (/R K3 (55 ) da O (h a7 0% + 1)>

na,h?8
_ 1 2 25702 | 1
N (2ﬂ)4n2a%h2+25( 9K +O<h nanh2)>

Proof of Lemma 3

(i) By definition

W{);,ﬁfv(p(i)y:hﬂ( > aia‘(;i)(i’j))v

Fo(f ()E00...5)
i+5<p’
v
= < Z ai,jé‘(l’j) + Z aiﬂ.hﬁll]g(“])) i
(1,4)€{0,....8'}? (,4)€{0,....0'}?
i+j=p6' i+j<p’

Consider the function F': R — R with F(xz) = 27, v > 1. By Taylor’s theorem

F(x) — F(xo) = F'(x0) + o(|z — xol)
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(i)

(iii)

(iv)
(v)
(vi)

and hence, for x = K5 P(£/h) and ¢ = ¥(€)

% |
o e | E et () vl
cc[-1,1)2 Y(€) ge[-1,1]? (4,5)€{0,...,8'}2

it+j=p'
since there exists a constant C' < oo such that |z — zo| < Ch for all £ € [-1,1]%

For p > 2 and ¢ such that 1/p+ 1/q = 1 the Hausdorff-Young inequality yields

hP Fn
]:1/1('/’1)
- H hP Fn

e brer

10K — K = ||| - Fnl||

}'n\IfH .
) q

The claim now follows from (i) since F7 is bounded and compactly supported on [—1, 1]%.

For v € N we can assume without loss of generality that v =1 (see Remark 3). In this
case all partial derivatives of order Sz, of Fn and 1/F(-/h) exist. An application of
the general Leibniz rule gives

(iem) = 2 (@) e (am)
o< Sy

where

[0 N a! B 041'042'
o) alla—dao)  olabl(ar — o)) (az — ab)!
This yields
/ hﬁ / T 12 Y . ..
o < ) = Z a; ;0% €09 4 Z a; ;0% P Igd)]
fw(f/h) 2 . "2
(1,4)€{0,....8'} (4,7)€{0,....6'}
it+j=p' it+j<p’

which is uniformly bounded in both £ € [~1,1]? and n € N for all multi-indices o’ with
‘al| < S.7-'77~

Assertion (iv) follows from (iii) by multiple applications of the chain rule.
The proof of (v) follows the line of proof of (iii) and (iv).

a) Consider first the case of & = (0,0), that is
WK, (z) — K(z)| dz

V1422 4 22
= WK, (z) — K (2)| Y —2—2 dz
/ [=1/(anh),1/(anh)]? V142 + 23

1 1

3 1 2

hBK (1422 + 22 dz> </ dz) ,
</RQ’ K (e +z) [=1/(anh) 1/ (ant))? L+ 27 + 23
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By the Cauchy-Schwarz inequality and using polar coordinates we obtain

— e~ dz = 27r/ dr = mlog(1 + (anh)?) = O(log(n)).
/[—1/(anh),1/(anh)}2 1+ z% + z% (0,1/(anh)] 1+ Tz ( (

Next, the Plancherel identity and an application of (v) yields
(

/R2|hﬁlen(z) — 21K (2)|" dz = /RQ

Combining the latter results, an application of (ii) finally yields

/[_1/( - h)]Q\hﬁKn(Z) — K(2)|dz = O(hv/log(n)).

Since

E*Fn(§)
Fo(§)

for a constant Cy € C, the same arguments as above apply to the integrals

P = CaF ! ) and K = CoF (£ Fn(©)W(E))

/[ 1/(anh),1/( h)p}hﬁaaKn(z) - 8"K(z)] dz, |a| >0,

since multiplication with &% does neither change the smoothness properties nor the
integrability properties of the functions € and Fn(&)Y(€), by the fact that Fn is

Fu($)

compactly supported.

(vi) b) Consider first the case of @ = (0,0). Then

/R\hﬁKn((zl,zQ)) — K(21,2)| d

— </ 2 dzj> (/W‘K (21, 22)) K(zl,zg)\ (14 25 )dz]>

The claim now follows with the same arguments as used to prove (vi)a).

NI

Proof of Lemma 4

For a fixed constant p > 0 let M be an even, (large) positive integer (M € 2N) such that
M - > 3. By Assumption 1 we obtain

g™ |11 < (G*) Yiglh < oo forall M < M. (32)
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Since (32) holds true for all M € 2N we can choose p arbitrarily small. Further

o [ Vi — g )M E[(Yag — gxk)™] Pylg(xiy))
E[ei j] =K = = ) (33)
’ g(xr)M g(x)M Va(xr)M
where Py; is some polynomial of degree M < M.
Define

n

n
LM = Z E‘é‘i’j‘M = Z EE%,

2,j=1 i,j=1

since M € 2N. From relations (32) and (33) it follows that there exists a constant C(g*, G*)
such that

1 * *
53 Lnv < Clg",G)lgllr- (34)

n4az

Let ® : {1,...n%} — {1,...n}? be a bijective map that satisfies the additional requirement
(k%) = (k, k) for all k < n and

O({(k—1)%+1,....k}) ={(i,j) [1 <i <k, j =k} U{(i,§) |1 < j < k,i =k}.
This way the quadratic sums coincide
k2 Eok
> Zag) =D i
j=1 i=1 j=1

just the order of summation might differ. By Corollary 5.4 of 7 there exists a field of
independent identically N(0,1)-distributed random variables {Z; ;| (i,7) € N?} ordered in
such a way that for

i J
=22 2

k=11=1
and v >0
n n , LM V

and consequently
P(}S(nm) — W(n,n)} > CMn2V>
2 2v L 2v
= P([S(@ny = W(@0)| > CMn®) < 20 + P( max, [a) — Zag > n*). (35)

We now estimate the second term on the right hand side of inequality (35). We set u := 2v
and find

( max, lea) — Za@) > n“) < ]P’( max_ lea@)| + max, | Zo ()| > n”)
1<i< 1<i<n 1<i<
<

n n
IP’( max_|eg ;)| > —) —{—P( max_|Zgy| > 7)

1<i<n2 2 1<i<n2 2
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Since the Z; ; are iid standard normally distributed with distribution function ¢ we find

IP’( max |Zg;| > n—#) =1- (2¢(n“/2) — 1)n2 ~1-— (2 — LT;—H exp(—n82#> — 1)”2

1<i<n?2 2 Vor
n? 9 2 2 o, " 2
n 1 ntt n2t\\ k n?t n 1
_ I o pt+2 o _
_;<k>n2k( \/27reXp( 8)) s exp( 8);(16)?1%
2u 1
SenPep(-Tr) <55

for sufficiently large n. Furthermore

P( max, | \<”i)—xp>(| <™ forall 1<i< ?)
122};2 qu(z) =5 = 8@(2) ) or a STsn

You) — i
:IP’(' o() — 9(Xa())]
g(X<I>(i))

I
g% for all 1§i§n2>.

Since Yg(; > 0 forall 1 <i < n? we obtain for sufficiently large n

IP’( max_|eg ;)| < n—u) = IP(O < Ya3) < 9(Xaa)) + n 9(xq(;) forall 1<i< n2>.
1<i<n?2 - 2 - - 2 ="' =

For independent and identically distributed random variables 1721,(@-) ~Poisson(G*) 1 < i < n?
we find

nt ~ nt
P( max |5<I’(i)| < ?> > IP)<0 < YcI)(z) < g(XqD(i)) + 5

: 2
nax, 5 9(xa(;) foral 1<i<n >

~ M
> IP(O < Yo < %\/g* forall 1<i< n2>
2

- nt n
> (1 _P<Y<I>(1) > 2\/9>*>> )

since P(Xy, < k) < P(X), < k) for arbitrary numbers k if X, ~ Poisson(};), j = 1,2 with
A1 > Xo. By Theorem 5.4 in 7 we obtain the estimate

9

=~ nt G* 2eG* %\/97
P (T > 5v7) < (575

which yields

nt * 2

K «f 2eG* \ 2 VI\"

IP’( max _|eg(;| < n—) > (1—¢“ eG .
1<i<n2 2 nt\/g*

With the same arguments as those used in order to estimate the maximum of the independent,
normally distributed random variables we obtain the estimate

n“ 2 G*+1 2€G* % 9" 1
IP’( max |z—:¢>(i)|2—> < plel T < —
1<i<n? 2 nty/g* 2n?2
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for sufficiently large n. In relation (35) we now replace the term

IP’( max_|eqp ) — Lol > n”)

1<i<n?

by the estimate 1/n?, which gives

Ly 1 _Clg,G)glha? | 1
P(\S(n,n) — W(n,n)| > C’Mn“) <SS Ty

where we used (34) to obtain the last estimate. This yields
1Sty — W(n,n)| = O(n*) a.s.
Recall that our objective is to show that

sup Sy — W(i,5)| = 0" as.
(3,5)€{1,...,n}2

To this end we apply a fluctuation inequality by 7 that allows to compare the orders of
magnitude of the quantities sup(m)e{l,._.,n}z|S(i,j) — W(i,j)| and |S(n,n) — W(n,n)| by an
inequality of the form

p( s Siin — Wi )| > Cup) < CoP(1S(n.n) — W(n.n)| > Csnt).

where the constants C1,Cy and C3 do not depend on n. Since

2

Sy — W(n,n) _ >ic1(Eai) — Za))
\/V&I'(S(n,n) - W(n, n)) \/Z?il Var(s(b(i) — Zq;(z))

it follows that Var(S(, ) — W (n,n))/n* = O(1) for n — oo and hence there exists a constant
C > 0 such that for all n

1>/\/(0,1) as n — 0o,

~ \/Var(s(n,n) - W(TL, n))
c <
nt

1
5"
Finally, an application of Lemma 3.1 of 7 yields
Iz 16 I
]P’( sup ‘Sz-,j — W(i,j)| > 4n7> < —P(‘Sn,n — W(n,n)‘ > C’Mi)
1<i<n C 9 C

1<j<n

<

16(C*c<g*,a*>ug|ha,% + 1)

9 np-M—2 n2

for large enough M > 3/u. Since the latter estimation shows that the probability is summable
the assertion of the lemma now immediately follows by Borel-Cantelli and the zero-one law.

0

42



Proof of Lemma 5
First, note that

D ~
sup |Zn(x)| = sup [Z(x)],

x€[0,1]2 x€£[0,1]2

where

200 = [ Kx—y)aw(y)
and that the covariance function r of the stationary Gaussian field Z is given by

r(t):Cov(z( ), Z X—l—t /K K(y +t)dy.
Hence, the function r is square-integrable if FK is bounded:
[P ac =1z [ 7R d < ax2()? [ PR d < .
The function r is integrable if K € L'(R?)
[ irlde < x| < .

By assumption, the function r is three times differentiable in the mean-squared sense and
thus an application of Theorem 14.2 of 7 yields the result of this lemma under either of the

assumptions on the kernel K.
O

Proof of Lemma 6

Note that we can express g, as

Y1 — & Y2 —
g (ylayZ 2 2h2 Z ,]ﬁ( 27 h ])7

7]7_71

that is, g, is a kernel-type estimator for the function g with kernel 7. Define M, := log(n)
and € j :=Y; j — E[Y; ;]. Then we can write

€ij = (e jl{|eiz] < Mn} —EleijI{leij] < Mn}]) + (€I{|€ij| > Mn} — Elei jI{|ei ;| > My}])
= Tij + Pig

where 7; ; and p; ;j are defined in a obvious manner. We now first show that

#(qa o, 32 o )1 1) =0 3)

yE]R
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and subsequently that

(e s, 32 (7)1 ) =0()

21,2 2
nash n

Recall that ||Fn|i1 < 4, which implies by the Hausdorff-Young inequality that ||n]le <
1/(2m)||Fn|li <4/(2r) < 1. Hence, by an application of Markov’s inequality, we find that

P(M SUP Z |Pm|‘ (ﬁ)‘ > ) = a2h2 Z |Pz,J

n
—naghz Z |EZJ|I{|€H|>M}]
7j7_n

Next, the Cauchy-Schwarz inequality yields the estimate

cisl’])? (E[I{

Ellei | I{lei sl > Mn}] < (E[

igl = Mu}])? < VG (P(leig] > M)

Further, since g is bounded and M,, — co as n — oo, we obtain for sufficiently large n

P(leijl > M) = P(eij > My) =P(Yij; > My + g(xi5)) <P(Yij > My + g%).

By Theorem 5.4 of 7 we obtain the estimate

g*+Mn *
exp(—g(x;.:))(eqg(x;.; G* g eG* My,
B(Yiy > My +g°) < p(—g(xi4))( gg/i@)’z - ) ( )
(Mn+g*) n M, +g M, +g

G*\9" reG*\ Mn G*\g" 1
<Gg) Gi) =GR) o
M, M, M,/ nlo
for sufficiently large n. This yields

1 n
P 5
n2a2 h? YERQz‘;1 i.j

Next, we consider

T > 5) < e () = et

i (y) = 108 ~ (Y —Xij
gTL (y . n2CL2 h2 1,377 h )
7.7_1
where 7; j := 7;j/log(n). The random variables 7; ; are independent, centered and bounded
but not identically distributed. By Theorem 1 of ? there exists a universal constant C €

(0,00) and independent and identically distributed random variables (7; j,X; j) such that

B(sup lgn(y)| > A) < CB(sup [Gu(v)] > ):

36
yeR? yeR? ( )

where

~ log(n) <=~ (¥ —Xi
In(y) == Ti,jn( ; j)-
ij=1



Note that now the design-points X;; are random. Define the class of functions

Yy — (Z27 23)T

g::{f:R3—>R|f(z1,z27z3):21.[{|21’Sl}_ﬁ( ;

),h€R+,yeR2}.

By Assumption 4 and Lemma 22 of 7 the classes

Gy = {f R® S R f(21, 29, 23) = 21 - I{|z1] < 1}}
and

T
— (29,2

Gy = {f ‘R — R| f(z1,22,23) = n(Y(}fE})

are VC-classes of functions. Since G = {f1 - fo| f1 € G1 and fo € Gy}, by Lemma 2.14 of ?

also G is a VC-class of functions. Furthermore, G is measurable and uniformly bounded and

we can apply Theorem 2.1 of 7 to find an estimate for the probability

),heR+,yeR2}

B, 3.1 > )

which also bounds the probability

P(ySg@ |G (y)| > /\>

by eq. (36). Let @ : {1,...,(2n + 1)2} — {—n,...,n}? be a bijective map. By Theorem 3.1
of 7 there exists a constant L depending only on the VC-characteristics of the set G, such
that

(2n+1
~ log(n ~ - log(n)
P(:;lﬂlgz |g’l’b (y)‘ Cna2 h2) (?‘ég’ ; f TCI) (3)» X<I> ) E[f(Tq)(’L) ) X(P(l))] ‘ CTLCLQ h2 >

og(n)
< Lexp( Ic log(l + LCn(2G* +1G%/n + log(n)/n)2>>'

Thus, for sufficiently large n we obtain the estimate

- log(n) 2log(n)?
P ., < Lexp(—
(:gﬁz 9n(¥)] > C’na%h2> - exp( L2C?%(2G* + G*/n + log(n)/n)?

) < exp(~2log(n).

With (36) this implies

(s lany)| > 2500 ) = 0( 7).

yER? n

which yields

sup |gn(y)| = O(:j}f;g) = 0<#) a.s.

yeR?
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