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Abstract: In this master thesis we study varying coefficient models, which is
a class of models that allow the coefficients to be smooth functions of some
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ods to estimate the coefficient functions, the polynomial spline approach and the
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Introduction

Regression analysis is a very popular statistical technique used to explore the asso-
ciation between a dependent variable (response) and some independent variables
(covariates, predictors) and to determine how the independent variables affect the
dependent variable. Depending on the underlying assumptions and specifications,
there are three main types of regression models: parametric, nonparametric, and
semiparametric.

Parametric regression models assume that the dependent variable has a spe-
cific functional form that depends on the covariates and some unknown parame-
ters. An example is the linear regression model, which assumes that the response
can be modelled as a linear function of the predictors. Another example is the
generalized regression model, which extends the linear regression framework to
be able to model various types of dependent variables, such as binary or count
data, by using link functions to capture the relationship between the conditional
expected value of the response and the linear function of the covariates. Al-
though parametric models are popular as they have the advantage of simplicity
and straightforward interpretation, they can be unrealistic in certain applications,
and model misspecification may lead to a considerable bias.

In contrast, nonparametric models do not assume any specific functional form
for the dependent variable. Nonparametric regression models can fit complex
and nonlinear relationships without imposing any restrictive assumptions, how-
ever, their usage is limited as the curse of dimensionality makes them practically
unusable for high number of dimensions.

To overcome these challenges (the often too restrictive assumptions of the
parametric models and the curse of dimensionality of the nonparametric models),
semiparametric models have been proposed. They assume that the response has
a partially specified functional form that depends on some parametric and some
nonparametric components.

One of the most popular semiparametric models is the varying coefficient
model introduced by Hastie and Tibshirani| (1993)). The varying coefficient model
can be seen as an extension to the generalized linear model by allowing the
coefficients to be smooth functions of some independent variables.

An important issue is the estimation of the coefficient functions. Several es-
timation methods have been proposed over the years, the most popular are the
local polynomial regression and two spline approximation methods: the polyno-
mial spline approach and the smoothing spline approach.

The spline approximation methods use the fact that any smooth function can
be approximated using basis splines. Basis splines are composed of a set of basis
functions, such as polynomial functions, with each one defined over a unique
interval determined by knots. These knots function as points where individual
segments come together smoothly to create a continuous curve. The challenge
lies in selecting the appropriate number and placement of the knots, as well as
in determining the optimal smoothing parameter, which controls the trade-off
between the goodness-of-fit and the smoothness of the estimate function in the
case of the smoothing spline estimator. The polynomial spline estimator does
not take the smoothness of the estimate into account, it is based solely on the



goodness-of-fit. The interpretability and nice asymptotic properties of the spline
estimation methods make them particularly appealing and they are therefore the
focus of this thesis.

The thesis focuses on the varying coefficent models in the longitudinal setting
and a construction of simultaneous confidence bands for the coefficient function.
In the first chapter, we introduce the varying coefficient models and provide some
examples of such models. In the second chapter, we look closely at the coeffi-
cient function estimation methods based on spline approximation in longitudinal
settings. We introduce different methods for the selection of the smoothing pa-
rameters. The third chapter is the main chapter of this thesis and focuses on
the confidence intervals and bands for the coefficient functions, using pointwise
asymptotic normality as our primary tools. The fourth chapter presents results
of a corresponding simulation study.



1. Varying coefficient models

In this chapter, we define the varying coefficient models first in standard setting
and in longitudinal setting and provide a range of specific cases of these models.
We also discuss the advantages and disadvantages of such models.

1.1 General framework

We start with a motivating example from the medical field, but varying coefficient
models are commonly used in many other areas, such as finance, environmental
sciences, and social sciences. One of the key goals in medical studies is to dis-
cover how different treatments affect patient outcomes (e.g. blood pressure, or
recovery time). It is not sufficient to compare the outcomes between different
treatment groups alone, because the effect of the treatment differs greatly de-
pending on a number of patient-specific factors. While interactions can be added
to traditional generalized linear models to capture some of the heterogeneity in
treatment effects, the choice of interaction terms may not fully account for the
complexity of the treatment-outcome relationship. That has the consequence of
biased estimates and inaccurate predictions. To address the limitations, varying
coefficient models allow the effect of the treatment variable to vary as a smooth
function of some patient-specific characteristics, that could be for example age,
time since the beginning of the treatment, or white blood cell count.

Formally, let (€, A, P) be a probability space, random variable Y
(Q, A4 — (R,B(R)) be the dependent variable and random variables
Ry,...,R,, Xq,...,X, : (2, A) — (R, B(R)), for p € N, be the covariates.
Our goal is to model the conditional expected value of Y given the covariates
Xi,..., Xy, Ry,....R,, denoted as E (Y |Xy,...,X,, Ry,...,R,). We assume
that the effects of the variables X; are not fixed, but instead they depend on
the corresponding covariates R;, for j = 1,...,p. This dependency is not ar-
bitrary, we model it using a set of real-valued smooth functions 3; : R — R
such that each predictor’s effect can adjust according to its associated covari-
ate. Furthermore, we assume a linear relationship between the predictors and
the conditional expectation of the dependent variable.

1.2 Standard model formulation

Let us define the varying coefficient models according to Hastie and Tibshirani
(1993).

Definition 1. Let p € N be a constant and Y, X;,...,X,, Ry,..., R, be real-
valued random variables. A model is referred to as a varying coefficient model if
it takes the form

P
Y =3 Bi(R)X;+e, (1.1)

j=1
where  B1(-),...,Bp(-) are some real-valued smooth functions, ¢ is
a random error term satisfying E (e|Xiy,...,X,, Ri,....,R,) = 0 and

var(e| X1,..., Xp, Ri,...,Ry) = 0% > 0.

4



According to Definition [1, the conditional expectation of the response Y, i.e

E|,Xi,....X,,,R1,...,R,), depends on the covariates Xj,..., X, through
some (unspecified) smooth functions f (-),..., [, () of covariates Ry,..., R,.
The covariates Ry, ..., R, are known as the effect-modifying (random) variables.

The functions f; (+) for j = 1,...,p, p € N, imply some special kind of interaction
between X; and R;.
Some well-known regression models can be considered as a special case of

Model (|L.1)).

The first example is the linear regression model (with or without interactions).
By assuming that the functions f3;(-) in Definition [1| are constant, i.e., 5;(-) = 5;,
where 5; € R for j =1,...,p, Model ([L.1)) can be rewritten as

Y:iﬁjX]‘—f—&. (1.2)
j=1

That is an equation of a linear regression model without interactions. Further,
consider the equation of Model and set p = m(m + 1) for some m € N. The
model can be rewritten by indexing over ¢ and j ranging from 1 to m + 1 and m,
respectively:

m+1 m
Y = Z ZBU (Rij)Xij‘l—& (13)
i=1 j=1
Here is how to set the terms

1. Set X;; = X; X fori=1,...,m+1,j =1,...,mfor some random variables
X1,..., Xyy1. Additionally, X,,,1 = 1 almost surely.

2. Set B;;(-) = Bi; € R, i.e., as a constant function. Also, set
(a) Bij =0 when i < j.
(b) B = B(m+1)j~
Substituting these terms into Equation yields

m m i—1
Y=Y 68X+ 8 XX, +e, (1.4)
= i1 j=1

which is an equation of a linear regression model with interactions.
The generalized additive model is another example of varying coefficient mod-
els. This model assumes that the response variable Y depends nonlinearly on p

covariates Ry,..., Ry, and their effects are additive and smooth. The model
equation can be expressed as

This model can be considered as a special case of Model by setting X; =1
almost surely for j = 1,...,p. For more details, see Hastie and Tibshirani (1986)).
Definition (1] is the first definition of the varying coefficient model provided
in the literature and is sufficient for the purpose of this thesis. However, it is
important to note that the definition could be extended to allow for multivariate
effect-modifying random vectors.
Another extension is to allow for some correlation structure in the model.



1.3 Longitudinal model and other additional ex-
tensions

Let us return to the motivating example. Medical studies are often conducted
by collecting data from the same subjects repeatedly over time. This results
in within-subject correlated observations. Several methods are available for
analysing longitudinal data, including generalized estimating equations (GEE)
(see Hardin and Hilbe, [2003]) and mixed-effect regression models (see Hardin and
Hilbe, 2003)). The varying coefficient models framework can be extended to pro-
vide an alternative approach to longitudinal data modelling.

We define the varying coefficient model according to [Huang et al. (2002).
Extension of the definition by using some link function is also possible.

Definition 2. Let {Y (t), t € R} be a real-valued response stochastic process and
let {X(t) = (X1 (t),...,X,(t)),t € R} be an RP-valued covariate stochastic pro-
cess. We define the longitudinal varying coefficient model as follows:

Y () = 360X () + < 1) (16)

where {e(t),t € R} is a zero-mean stochastic process and {e(t),t € R} and
{X(t)=(X1(t),...,X,(t),t € R} are independent.

The functions f;(-) capture the time-varying effects of the covariates on the
response. We primarily concentrate on this longitudinal extension in this thesis.

Since their introduction 30 years ago, varying coefficient models have gained
significant popularity due to their flexibility and ability to capture complex re-
lationships. There are numerous other examples of those models, let us list just
some of them.

1. Survival Analysis: In survival analysis, the varying coefficient model can
be used to analyze the relationship between the hazard function and some
time-varying covariates. In this case, the model is often referred to as
a time-varying Cox proportional hazards model. (see Fisher and Lin, [1999))

2. Spatial Analysis: In spatial analysis, the varying coefficient model can be
used to model the relationship between the response variable and spatially-
varying covariates. An example is the geographically weighted regression
model that allows the relationships between the response variable and the
predictors to vary across space. (see Brunsdon et al., |1996])

3. Dynamic Regression Models: These models capture complex time-
varying relationships in time series data. They are able to handle non-
linear patterns. The threshold autoregressive (TAR) model is one example,
allowing for different autoregressive processes based on a threshold variable.
Such models are widely used in finance. (see |Cai et al., 2000b))



1.4 Pros and Cons

Choosing an appropriate model is a critical step in the statistical analysis. The

choice depends on the structure of the data, and the question at hand. When

considering the use of the varying coefficient model, it is important to weigh the

pros and cons of the approach to determine its suitability for the specific problem.
Pros:

1.

Flexibility: Varying coefficient models can capture complex, non-linear
relationships between the response variable and covariates. By allowing
the coefficients to vary as a smooth function of some chosen covariates,
these models can model relationships that may not have been possible with
simpler parametric models.

. Interpretability: The estimated coefficient functions provide a clear pic-

ture of how the effects of covariates change with the variable of interest.

Couns:

1.

Estimation and Inference Complexity: Both the estimation of the
varying coefficient functions and the subsequent statistical inference are
more complex and computationally demanding compared to parametric
models.

. Overfitting: Due to their flexibility, varying coefficient models can poten-

tially overfit the data, that is fit the data "too well” by capturing noise
rather than the underlying trends.

Potential interpretation challenges: Although varying coefficient mod-
els offer a high level of interpretability, they can be challenging to interpret
when the number of covariates is large or when there are complex interac-
tions between covariates.

. Research Stage: The varying coefficient models are newer and less studied

compared to parametric models. The methodology is complex and further
research is needed to make the varying coefficient models usable in broad
research.



2. Estimation methods

Let us consider the longitudinal varying coefficient model in discussed in
Chapter In this Chapter, we look closely at two methods of estimating the
coefficient functions: the smoothing spline method and the polynomial spline
method. They are closely related, the polynomial spline method can be considered
a special case of the smoothing spline method.

Consider a longitudinal random sample of size > ;n; = N € N

{Y; (Ta), X (Tu), ..., Xip (Tu), Tu),i=1,...,n,l=1,...,n;}, (2.1)

where each (p+2)-tuple (Y;(Ty), Xi1(Tu), - - ., Xip(Ti), Ty) is a realization from the
joint distribution Fly(ry,x,(7).....x,(7),r)- In the given notation, Tj; represents the
l-th measurement time of the ¢ — th subject, X; (Ty) = (Xi1 (Tu), - - ., Xip (T; N’
and Y; (T};) = Y;; are the i-th subject’s observed covariates and outcome measured
at time T};.

The data satisfy the varying coefficient model in in the longitudinal
setting, if for each subject 7 and measurement [ we have:

Yi(Tu) = X (Tu)Br (Ta) + - - + Xip(Tit) B (Tia) + € (Taa) (2.2)

where (g, (Ty) ..., (Tin,)) are realizations of the mean-zero random process
e(t). The coefficient functions B (-) = (81 (-),...,5, ()" are unspecified. Our

A A~ A T
goal is to find functions 3 () = (61 ()y.es By ()) using the sample data which
provide a reasonable approximation of the true underlying functions 8. We de-

note ey = & (Tyy), € = (€i1,-...6m,) , and & = (elT, . ,eZ)T. The times of
the measurements are random, all results in this thesis however hold also for
deterministic times.

Denote by C¢ the space of all smooth functions of order d € Ny. Theoretically,
we could obtain the estimators B as a smooth function of order d minimizing the

(possibly weighted) sum of squared errors, i.e

2
B() = argmin D3 |Yi(Ta) = X Xy(Ta)B(Ta) | - (2.3)
Bi()€C, j=1,...p i=1 =1 j=1

Estimating the varying coefficient model directly on the space of smooth func-
tions is theoretically possible, but using spline approximation offers practical ad-
vantages. The space of all smooth functions is infinite-dimensional, which makes
the optimization problem challenging to solve and computationally infeasible.
Directly searching through this space can lead to overfitting, the resulting model
can fit the training data well but perform poorly on new data. Additionally, so-
lutions found in the space of smooth functions may lack interpretability, making
it difficult to draw meaningful conclusions from the model. Spline approximation
addresses these issues.

2.1 Polynomial spline approach

The first estimation method we consider is the polynomial spline method intro-
duced by Huang et al.| (2002) in the context of longitudinal data.

8



To estimate the coefficient functions, we approximate the unknown functions
B; (-) by some basis functions and then the estimate is obtained by minimizing
the sum of squared errors. A common choice is to use B-splines.

2.1.1 B-spline basis

We start with an introduction of B-splines, as they are the key concept of the
spline estimation methods. To be able to define B-splines, it is essential to intro-
duce knot sequences.

Definition 3. A knot sequence & € RM*2 of length M + 2, M € N is a non-
decreasing sequence of real numbers, & = {& YT = {&1, ... Eapye - —00 < & <
& < oo < &pypo < 0}, The elements of € are called knots. The knots are said
to be distinct if & # &; for any i # j. For distinct knots, the set of M knots
{£2,8&3, ..., &mvr} can be referred to as internal knots, while & and Eyy1o are the
end points.

We only consider distinct knots and refer to them simply as knots.

Provided that the number of internal knots &, M, satisfies M > d, d € Ny, we
can define B-spline basis of degree d over the knots &.

According to De Boor| (1972), we can define the B-spline basis (one of the
possible basis of the space of the polynomial splines) as

Definition 4. Let M, d € Ny : M > d. A B-spline basis of degree d € Ny with
M4+2knots§={§,j=1,..., M+2: —00<E<--- <&yyo <00} is a set of
non-negative B-spline basis functions

Big ={Bjae(),7=1,.... M +d+1}.

Each B-spline basis function Bja¢(-) is defined recursively as follows

L of<z<&n
Bioe(w) = / A
() {O otherwise,
and
x —&; x —&;
Bje(x) = %Bj,kfl,s(x) + (1 - _§J> Bji1p-1,(@),
£J+k 5] fy—&-k 5]

fork=1,....dandj=1,.... M +d+ 1.

Roughly speaking, B-spline basis is a set of B-spline basis functions defined
over a sequence of knots. Each B-spline basis function is a piecewise polynomial
function of a given degree, and its value is non-zero only over a limited range
defined by the knots. The sum of all B-spline basis functions at any given point
is one. For more information about the B-splines see De Boor] (1978)).



B-spline basis function

B-spline basis funct
02 04
L L
02 04

| | | |

(a) d = 1. (b) d = 3.

Figure 2.1: B-spline basis functions for d = 1 and d = 3, and knots £ =
{0,1,2,3,4,5,6}.

Any B-spline B (-) of degree d € Ny with the knots {¢;, j=1,..., M +2}
can be written in terms of its B-spline basis as a linear combination of the basis
B-spline functions

M+d+1

B()= Z:l VB ()

for some v; € R, 7 =1,..., M +d + 1. The B-spline functions of a given degree
and knots form a linear space, the B-spline basis is the basis of the linear space.

It can be shown that any smooth function f(-) of degree d can be approximated
on a closed interval [a,b],a € R,b € R,a < b, by some B-spline function b(-) of
degree d and sufficiently large number of knots, as

sup |f(z) = b(z)] = 0.

z€[a,b]

Let us assume that the observation times for all ¢ = 1,...,n,l = 1,...,n;
satisfy T} € [a, b] and that the coefficient functions f3; (-) are (d — 1)-times con-
tinuously differentiable, usually we take d = 3 (corresponds to cubic splines), or
d = 1 (linear splines). Then we can approximate the coefficient functions using
the B-spline basis functions of degree d, so that

K
Bi(t) = Y _vkB(t), K; €N, (2.4)
k=1
where {Bjy, (-) ,k =1,..., K;} is the B-spline basis from Definition i with a given
degree and knots. The number K; € N represents the dimension of the corre-
sponding B-spline linear space G, (number of B-spline basis functions). As we
know from Definition , K; depends on the number of inner knots M; and the
B-spline degree d through the relation

K;=M;+d+1.

To estimate the coefficient functions, we need to choose an appropriate B-
spline basis B; of a linear space G;, and estimate the parameters v;1, ..., 7jx; by

10



some 7y, ..., ¥k, using the polynomial spline approach or the penalized spline
approach (smoothing spline approach). The estimate is then given as

)= > b (25)

2.1.2 Longitudinal model estimation

Suppose that smooth functions f3; (-) for j = 1,...,p can be approximated by

some B-spline function
K;

)~ > vkBir(-).

k=1
The approximation of 3 () leads to the approximation of Model (2.2)) as

K, Ky
Yi(T) = Xia(Ta) 3 v Bun(Ta) + -+ + Xip(Ta) 3 Yo By (Toa) + €
k=1 k=1
p Kj
= Z Z VirBiw (L) Xij (L) + €.
To estimate the coefficient functions f;(-), ..., 5,(-), we need to estimate the

: T Yy T
coefficients v = (71,...,71,) = (711,...,flel,...,fypl,...,fypr) . That can
be done by minimizing the sum of squared errors, which provides a natural mea-

sure of the goodness of fit.
Huang et al| (2002) suggested using a weighted sum of square errors

T
to account for the within-subject correlation. Let 4 = (,3,;,_”7,3,;) =

n
(‘yn, o YRy s Vplo e ,’ypr) be the estimated vector . The estimate 4
of the vector v can be calculated as

¥ = argmanw, i (YZ‘(E[) — in‘ Z VB ) , (2.6)

vERK =1 =1 j=1

where w; > 0, > ; w; = 1 are some chosen weights for subjects : = 1,...,n.

The choice of weights w; is important, as it can greatly impact both the theo-
retical and practical properties of the estimators 4. An ideal choice of the weights
might depend on the within-subject correlation, which is usually unknown. Two
common choices of weights are:

1. w; = ——, which assigns equal weight to each subject. This is recommended
when the number of observations n; for each subject ¢ is similar.

2. w; = N, which assigns equal weight to all observations. This can be used
when the number of observations n; for each subject i differs significantly.

It should be noted that if we relax the constraint > ' ; w; = 1, alternative
weights w; = L and w; = 1 can be considered. These alternatives correspond to
the two prev10usly mentioned choices of weights, each scaled by a constant factor
that is the same for all subjects. As a result, both sets of weights lead to the
same solution for the minimization problem (2.6).

11



To find the solution to this minimization problem, we can rewrite (2.6) into
a matrix notation. Let

Byi(t) ... Bk, (t) ... 0 0
Bt)=| + . : :
0 ... 0 ... Bult) ... By ()

be a (p x K) matrix. Further, let W = diag(w;, ..., w;), U; = (Us, ..., Ui,)7,

where U,] = X" (T;;)B(Ty), | = 1,...,n;, and the vector of observed responses
of i-th subject Y; = (Y (Tj1),...,Y (Tj,,)) ", then

4 =argmin }_ (V; — Ury) " W, (Y; — Usy). (2.7)
YERK =1

which resembles ordinary least square estimation in the case of linear regression
models, and can be therefore solved analogously by using normal equations. Set

S (Y, — Upy) W, (Y, — Upy)

i=1

F(v)

.
Il

I
M=

[Y,"W,Y; - Y, WUy — v U WY + 7 U WUy

i=1

-
Il

Let us calculate the derivative and set it to zero.

agy =2 U/W,Y;+2> U/ W, Uy =0
=1 i=1

By rearranging the terms we get the following system of linear equations

SN U WUA => U/W,Y,.

i=1 i=1
The solution can be analytically expressed by taking the inverse of the matrix

" UJW,U;, provided the inverse exists. In Section we list mild regularity
conditions that guarantee its existence. The resulting estimate is

n -1 n
= (Z U/ WiUi> > U/ WY, (2.8)

i=1 i=1

We focus on this estimator in this thesis, due to the nice asymptotic properties
(consistency and asymptotic normality), shown in section . For completeness,
let us also introduce the smoothing spline estimator.

2.2 Smoothing spline approach

The smoothing spline method, also known as the penalized spline method, is the
second spline-based method we introduce. Introduced by Hastie and Tibshirani
(1993) and further developed by Hoover et al.| (1998)), the method estimates the
coefficient functions 8 by minimizing a criterion that combines the sum of squared
errors and a penalty term that depends on the smoothness of the functions.

12



In fact, the polynomial spline approach, discussed in Section is a special
case of the smoothing spline method. In the polynomial spline approach, the
penalty term is effectively set to zero, focusing the minimization solely on the sum
of squared errors in ([2.6), thus focusing only on the fit. On the other hand, the
smoothing spline method balances both the fit and the smoothness by including
a penalty term that penalizes the roughness of the coefficient functions.

2.2.1 Longitudinal model estimation

Suppose that the coefficients functions 5 (-),..., 5, (-) are twice continuously
differentiable with bounded and square integrable second derivatives. For i.i.d.
data, it is natural to estimate the functions f3;(-), ..., 5,(-) by minimization of the

penalized least squares. Hoover et al. (1998) suggested minimizing such criterion
even in the case of repeated measurements, i.e. the estimates are obtained as

YERK [ j=11=1

2
n o n; p

ﬁ/:argmin[ZZ( i ZXU il Z’ij )
J=1

+ZPZAJ/ (Z%k t) dt], (2.9)

where \; € R{ are smoothing (tuning) parameters. That is, the estimation is
conducted assuming a within-subject working independence. The first term of the
penalized least squares measures the goodness of fit of the model to the data, while
the second term penalizes the lack of smoothness of the coefficient functions based
on their second derivatives. The parameters \; control the trade-off between the
fit and the smoothness for each coefficient function. Larger values of \; lead to
smoother functions, but can also increase the bias. If A; is very small, i.e. zero
or close to zero, the penalty term is of no real importance and the minimization
leads to the estimator with the best fit for the data given in Section

To solve this optimalization problem, we need to rewrite by using a ma-
trix notation as

Y = (Yi(Th),.. ., Yi(Tin,), .-, Yu(Th1), ...,Yn(T,mn))
D; = diag (X1;(T1), -+, X1j (T ), - Xog(Tn)s - -+, Xy (D))
PELOB 0 . [ BB (1)t
Q; = : : 7
[P Bl (B .. [ Bl (0Bl (1)t
Bji(Tu) ... Bjk;(Tu)
B; = : :
Bij1(Ton,) - Bjk,(Ton,)

To minimize the expression (2.9)), we need to solve the set of p equations

p
Y - DB,

J=1

0 P .
3 H DA Q| =0, j=1,....p. (2.10)
i j=1

2

13



That corresponds to the set of equations

p
—2D;B; (Y — ZDkIBawk> +20,Qv, =0, j=1,...,p. (2.11)
k=1

Equation (2.11) can be reformulated through a series of algebraic manipula-
tions.

p
DB, <Y -> Dk]Bzm> = \Q7;,

k=1

p
B;—]D?B]’Y] + )\jﬂj’)’j = B;—]DJ (Y - Z DkBk’Yk:) )
k=1,k#]

p
(IEBJT]D)?IB%]- + Ajﬂj) v, =B/ D (Y - > ]D)kkayk) : (2.12)
k=1k#j

The solution can be obtained from by solving a system of K = Z§:1 K;
equations. That can be solved using Gaussian elimination with computational
time O(K?).

Hastie and Tibshirani (1993) suggested an alternative calculation requiring
computational time only O(K). For more details, see |Hastie and Tibshirani
(1993).

Alternatively, |Chiang et al.| (2001)) proposed a different approach in the case
of time invariant covariates, i.e. X;;(Ty) = Xj; foralli=1,....n, 1 =1,...,n,,
j =1,...,p, minimizing a criterion for each J;(-) separately. The usage of such
models is somewhat limiting, as in practice, covariates often depend on the time
of the collection. However, there are some examples of covariates used in longi-
tudinal studies that are time-invariant, such as treatment, dosage of medication,
or baseline values.

The idea is to consider a general model equation of the form

Y(t)=X"B8(t)+e(t). (2.13)

Assuming the inverse of E X X T exists, we can express B(t) as B(t) =
(E XX)'(E XY(t)). Denote e;, the (j,7)-th element of (E XXT>71. The
function () can be expressed as

g =e (EXXT) (EXY(t)=E (fj ej,TX,,Y(t)> .

The element e;, does not depend on ¢, it can be estimated by using sample mean
as

1 -
ejr =€) (n yp.o.d ) e. (2.14)
=1

It follows that a reasonable estimator %; can be obtained by penalized least
squares as
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2

n n; P Kj

4; =argmin ¥ w; > > € XaYi(Ty) = Y virBjn(Tu)
veR%i =1 =1 |r=1 k=1

2

dt, (2.15)

b | Ki
+ )‘j/ > s Bli(t)
@ k=1

the weights w; are usually chosen in the same way as in Section [2.1]

In comparison with the minimization in (2.9), the minimization in (2.15))
requires generally less computational time. On the other hand, there is no explicit
solution to . The solution is a cubic spline that can be approximated by an
equivalent kernel function. The derivation is however beyond the scope of this
thesis, for more details see |Chiang et al.| (2001)).

2.2.2 Selection of the knots and the smoothing parame-
ters

The choice of the number of knots, the knot locations, and the smoothing pa-
rameter can have a large impact on the quality of the spline approximation. In
general, the knots should be placed in regions of high curvature or where the
function changes rapidly.

Selection of the knot locations

There are various methods available for selecting the placement of knots once the
number of knots is chosen.

One simple method for selecting knot locations is to use equidistant knots.
That is, the knots are spread evenly along the range of the time variable. This
approach is easy to implement and can provide quite reasonable approximation
for smooth functions. However, it may not capture well the local behaviour of
the function.

Alternatively, we can choose the knot locations by considering the distribution
of the effect-modifying variable. One approach is to use quantile-based knots,
where the knots are placed at the quantiles of the distribution. This way we can
avoid clustering of knots in regions with sparse data.

Another method is to use cross-validation or generalized cross-validation,
which are techniques that select the knots by minimizing a criterion that bal-
ances the fit and smoothness of the function, see Section [2.2.2] This methods can
provide an optimal trade-off between bias and variance of the spline, but may be
computationally intensive as it requires refitting the model many times.

Selection of the number of knots

Selecting the optimal number of knots is crucial for obtaining an accurate es-
timate, as the number of knots controls the complexity of the spline functions
and consequently also of the coefficient functions B (-). A larger number of knots
enables capturing more complex patterns in the data, while a smaller number of
knots produce smoother and more stable estimates of the coefficient functions.
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There are several ways how to select the optimal number of knots, e.g., it
could be chosen arbitrary based on some available recommendations. It might be
however more appropriate to choose the number of knots, possibly together with
the locations, based on some data-driven way.

a. Cross-validation

Cross-validation is a resampling technique that can be used to choose the number
of knots out of a given set I, C R’,. The idea is to split the data into a training
set and a validation set. The model is fit on the training data and evaluated on the
validation data, and this process is repeated multiple times. One common method
is the leave-one-out cross-validation (leave-one-out CV), where each observation
serves as the validation set. The optimal number of knots, which can differ
for each j = 1,...,p, is K = (Kl, ..., K,)" € K, that minimizes the average
prediction squared error, or alternatively the sum of squared prediction errors,
for short SSPE.
Huang et al.| (2002)) defines the sum of squared prediction errors as

n ng

K(L&}% = argminZZwi Yi(Ty) — Z

Kekyp j=11=1 j=1

STB T | (2.16)

S

where B[_i] ()= (B[l_ﬂ, . ,BL_i])T is the polynomial spline estimate of 8 () com-
puted with all measurements of the i-th subject deleted.
The procedure for the leave-one-out CV can be summarized as follows:

1. Choose K, the range of possible numbers of knots to test.
2. For each number of knots K in the range K,

(a) For each subject i =1,...,n

i. Remove the i-th subject from the dataset.
ii. Fit the varying coefficient model using the remaining data with
A

the current number of knots, resulting in 8= .
iii. Compute the prediction error for the left-out observations:

2=l
Yi(Ty) — X' B (Tu).

(b) Calculate the sum given in ({2.16)) by summing the squared prediction
errors.

3. Select the number of knots that minimizes the expression (12.16]).

Similarly, the leave-one-out CV can be also used to choose the location of
the knots (by minimizing SSPE over a set of possible locations) or choosing the
location and the number of knots simultaneously. It should be pointed out that
leave-one-out CV can be computationally quite expensive, as it requires fitting
the model n times for each K. A possible alternative is to use generalised cross-
validation, see for example Ruppert| (2002)).
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b. Information Criteria

Information criteria provide another method for choosing the number of knots.
They balance the fit of the model (as measured by the residual sum of squares)
against the complexity of the model (as measured by the number of parame-
ters K). Two commonly used criteria are the Akaike Information Criterion AIC

(Akaikel 1974) and the Bayesian Information Criterion BIC (Schwarz, [1978]).
For the AIC, we select the number of knots K = (K7,. .., K,) that minimizes:

(2.17)

RSS +%
N N

K a1c) = argmin {log (
KeK

I4

2
n n; K;
. 1 - . 2K
= a;gglcin log | - > w; ; (Yi(Til) = > Xi;(Ta) ;7jkBjk(Tz’l)) t

i=1 = j=1

For the BIC, we select the number of knots that minimizes:

RSS K
K(BIC) = aﬁ(gerzin [log (N) + lOg(N) N] . (218)

For more details see Huang and Shen| (2004).

Selection of the smoothing parameter

Chiang et al.|(2001) recommends using the cross-validation method introduced in
Section the context of knot number selection also to choose the smoothing
parameter out of a preselected range.

2.3 Other methods

Polynomial and smoothing spline estimation are global methods, meaning that
these methods construct estimates considering the entire range of the covariate
space. This global perspective often leads to computationally efficient solutions.
However, their global nature may limit their flexibility to capture localized vari-
ations.

An alternative method is the local polynomial approach which uses kernel
function to weigh the data points close to a specific point of interest. It then
uses these weights to create a polynomial fit that effectively describes the local
characteristics of the data (see Hastie and Tibshirani, [1993; (Cai et al., 2000a).
Another alternative is the local maximum likelihood approach that maximizes
the likelihood function over local regions (see Cai et al., 2000a).
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3. Statistical inference

In this chapter, we derive the asymptotic properties, especially consistence and
asymptotic normality of the polynomial spline estimator of the coefficient func-
tions in Model . The asymptotic results are used to construct pointwise
asymptotic confidence intervals and asymptotic confidence bands for the unknown
coefficient functions.

3.1 Asymptotic properties

The asymptotic properties of the polynomial spline estimator from Section [2.1.2]
for Model were extensively studied by [Huang et al. (2004). Here we sum-
marize the findings. Firstly, let us define the necessary terminology.

Let g : [a,b] — R be a function and let G = {g;(-),¢; : [a,b] = R, i € I} be
some linear space of real-valued functions defined on the interval [a, b], where I
is an index set. Denote by

dist(f,G) = inf ( sup | f(z) — g(a:)|> (3.1)

9€G z€[a,b]

the L distance of the real-valued function f () from the linear space of real-
valued functions G. Moreover, let ||-|[z2 be the L? norm, i.e. for a real-valued

function g¢(-) .
lolos = ([ 0 t) 32)

For a vector function g(-) = (g1 (-),..., 9, ()", g; : [a,b] = R, j=1,...,p,

1

gl = (ilugjniz) | (3.3)

Assume that the times of measurements 7,57 = 1,...,n,l = 1,...,n,;, are
independent observations of a real-valued random variable T" with support con-
tained in the interval [a, b], a,b € R. Furthermore, assume that the random vari-
able T is independent of the random processes {Y (t), X (t),t € [a, b]} .

Without loss of generality, assume that the support of the random variable T,
is contained in the interval [0, 1]. The results hold for the general case [a, b] due
to a possible transformation 7' (b — a) + a.

For real-valued vector functions g (-) = (¢V(-), ..., W) and g?(-) =
(952)(-), —...g82())" defined on [0, 1]”, we define the theoretical inner product as

(g, g?) [(ZX )) (Zi: X,(T)g (T))

and the empirical inner product as

i g(i Ty g] ) (Z;X Ty gj T )). (3.5)

(3.4)

1
(1) 1
(g o

3\'—‘
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The expectation in (3.4) is taken with respect to the joint distribution of

(X(T), T).
Denote the corresponding norm for the theoretical inner product as || - ||, i.e.
g% = (gV, gV}, and for the empirical inner product as || - ||,..

The results are proven using the weights w; = ni Let us start with regularity
conditions

(C1) The density fr(-) of the random variable 7" is bounded away from 0 and
infinity uniformly over ¢ € [0, 1], i.e., there exist positive constants ¢; and ¢y
such that

0<a < fr(t) <cy<oo forallt €0, 1].

(C2) The eigenvalues of 3(t) = E[(X1(t), ..., X,(t))(X1(?),..., X,(t)"|T =t] =
E[X(#)X T (t)|T = t] are bounded away from 0 and infinity uniformly in
telo,1].

(C3) |X;(t)] for all j =1,...,p and E [¢(¢)?] are bounded on [0, 1].

“max Kj
(C4) limsup (’:1"“’p ) < 00.

min  Kj
n—0o0 \ j=1..p

(C5) The process {e(t), t € [0, 1]} can be decomposed into a sum of two indepen-
dent stochastic processes, an arbitrary mean zero process €1(t) and a process
9(t) of measurement errors that are independent at different time points
and have mean zero and a constant variance o?.

From (C2), it follows that there exist positive constants ci, ¢ such that for any
vector function g(-) = (g1 (-),..-, 9o ()", g; : [0,1] = R, 5 =1,...,p and all
t € [0,1]

ag' (H)g(t) < \(Hg ()g(t) < g"(H)E(H)g(t) < M(t)g' (H)g(t) < cag ' (t)g(t),

where () and \,(t) are the highest and lowest eigenvalues of the matrix X(¢),
respectively.

Under these regularity conditions, the polynomial spline estimator of Model
exists and is determined uniquely, as given by the following Lemma.

Lemma 1. Suppose the conditions (C1)-(C4) hold. There are positive constants
C1 and Cy such that all eigenvalues of (& ] UIWiUi) are bounded almost

n

surely. Consequently, ( ?leiTWiUO is invertible.
Proof. See lemma A3 in |Huang et al.| (2004). O
Let us now repeat and extend the notation from Section Recall that
Ui = (Xa(Ta)Bia(Ta), - - -, Xt (Ta) Bige, (T) - - » Xi(T) Bpt (Tia), - - -, Xip(Tit) Byic, (Tt))
is a row vector of the matrix

Xi(Tn)Bu(Tin) .. Xip(Tia)Bpr, (Th)
U = ; ;
Xil (T‘mz)Bll(Enz) B Xz (Tmi)Bpr (Em)
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Further, denote

U, w, 0 --- 0
uo |2, _[ 0 "
U, 0 0 W,

where W; are diagonal matrices with n; on the diagonal. Then

UTWU =Y U/ W,U;
i=1
and the polynomial spline estimator is given as
n -1 n _ n
4 = (Z ijimi> > U/W,Y; = (UTWU) 1 S U/WY.  (3.6)
i=1 i=1 i=1

Denote
D = {(le(ﬂl)7 . ,Xip(ﬂl), ,_TZ'Z), 1= ]_7 e, = ]_, e ,ni}. (37)

The variance-covariance matrix of 4 conditioning on D is

-1 n n -1
Var(4|D) = (Z U W,U; ) (Z IUZTWZ-VZ-WZ-IUZ) (Z IUZTWJUZ-) . (3.8)
=1 =1 i=1
where for alli=1,...,n
var(g;(Ti1)) o cov(Ei(Ta), ei(Tin,)
Vi = Var(Y;|D) = : : (3.9)
cov(ei(Tin,), €i(Tin)) - var(g;(Tin;))

is the variance-covariance matrix of the error process. It follows that
Var(B (t) |D) = Var(B(t)5|D)
= B(t) (Z U/ WﬂUi> (Z U/ WiViW,-IUi> (Z ofl WiUi> B (t).
i=1 i=1 i=1
Let e; € RP be a vector with j-th element 1 and 0 elsewhere. The conditional
variance of (3;(t) is

var(f3 S(1)|D) = eTvar( B(t)D)ej, j=1,...,p. (3.10)

The only unknown quantity that needs to be estimated in order to use asymp-
totic properties for inference is the matrix V; corresponding to the autocovariance
function of the error process e : C.(t,s), t € [0,1], s € [0,1]. Huang et al. (2004)
suggested using a tensor product spline on [0, 1] x [0, 1] to approximate C.(t, s)

L
C€<t7 8) ~ ZZVlek S t,s € [0, 1] ,t#s, L eN, (311)

k=11=1
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where vy = vy, for Il =1,...,L, k = 1,..., L. The estimate is reasonable just
for t # s. That is because in longitudinal settings, the autocovariance function
C.(t, s) might not be continuous at t = s, i.e

lim C..(t, 5) # C=(t,1), (3.12)

for details, see Diggle and Verbyla| (1998)). Therefore, we estimate C.(¢,t) sepa-
rately by using spline approximation

L
Co(t,t) = Y vBi(t), te€][0,1]. (3.13)
k=1
The vector of coefficients v = (v11,..., VL, V20, Vap, - ., VLL)T of length

L(L +1)/2 can be estimated as

2

n n; l—1 L L
U= argmin Z Z Z (éiléil’ - Z Z Vlek(ﬂl)Br(ﬂl/)> s (314)

vERL(ILAD/2 ;1 19 1—1 k=1r=1

where &y = Yy — X, (Ty;) B (Ty) are residuals of the model in (2.2).
Similarly, the vector v = (vy,...,vr) from the expression (3.13]) can be esti-
mated as

n o n; 2

L
O =argmin y Y (é?l -3 l/kBk(Til)> : (3.15)
veERL =1 =1 k=1

The approximation of both C.(¢,s) and C.(t,t) relies on choosing an appropriate
spline basis. [Huang et al. (2004) suggested using 5—10 equidistant knots. Another
option is to use data-driven way, such as Cross-validation, see Section [2.2.2]
That could be however quite computationally intensive. In a numerical study in
Chapter 4| we use 5 equidistant knots.

3.1.1 Consistency

Definition 5 (Asymptotic relations of sequences). Let a = {a,}nen,
b = {bn}nen be sequences of real numbers.

1. The sequences a and b are said to be asymptotically equivalent (denoted as
a, = by), if the limit of the ratio of the corresponding terms a, and by,
exists, 1i.e.

. Qp
lim — =g,

n—00
n

where ¢ # 0 is a real constant.

2. The sequence a is said to be asymptotically less than or equal to b (denoted
as a, S by), if there exists a real constant ¢ such that a, < cb, for all
sufficiently large n.

3. The sequence a is said to be asymptotically greater than or equal to b (de-
noted as a, 2 b,), if there ezists a real constant ¢ such that a, > cb, for
all sufficiently large n.
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There is a close relation between the norm || - || of a B-spline function and
the L? norm of its B- spline coefficients used throughout the proofs given by the

following Lemma. Set K,, = max K;.
J=1,p

Lemma 2. Suppose the conditions (C1) - (C4) hold. Let g;(-) = Z,ﬁl YikBik(+)
be a B-spline on [0, 1], v, = (7j1,...,'yjKj)T for 5 = 1,....p, and v =

2
(W e )T. Set g() = (91(), ., gp())T. Then ||gl* = X0, lgjl122 = 21,
where ||7y||2 denotes the Euclidean norm of the coefficients ~y.

Proof. From the independence of {X (), t € [0,1]} and T

E (in(T)Qj(T)) Z/OIE (i&-(ﬂw(ﬂ) T =t| fr(t)dt

_ /lgT DE[X ()X ()T = tlg(t) fr(t) dt
_/ g’ g(t) fr(t)dt (3.16)

By using conditions (C1) and (C2), it is easy to show that there are positive
constants c;, ¢y, such that

cl/ dt</ (1) fr(t) dt §c2/olgT(t)g(t) dt. (3.7

Hence

loll* = (ixmgjm) = [[gT gyt = lglis  (319)

By the properties of B-splines, see De Boor| (1978)):

lgillZz =< lvill2/ K5, G=1,....p. (3.19)
By condition (C4) then
2 _ v 2 ledlE
lgll® = >_ llgillze = == (3.20)
U

Definition 6 (Consistency in L2 norm). An estimator Bj (+) of B; () is said to
be consistent if

13, = Bjllz2 = op(1),

where op(1) denotes convergence in probability to zero.

Theorem 1 (Consistency). Suppose that the conditions (C’Z) (04) are satis-

fied. If lim K, 52 =0, then [|B; — Bjl|2, = Op (L + %5 Xy L + p2), where

Pn = MAX dlSt(ﬁ], ;). If additionally le pn = 0, then Bj, j=1,...,p, are
] 77777 n—oo

consistent estimators of f3;.
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Proof. Set Yy = X;(Tu) " B(Ta), Yi= Yir,....Yin,), Y = (¥1,...,Y,)", and
. . n -1, ~ - . A
¥ =EAD) = 2, (UUW,U;) S, UTW,Y, B(t) = B(t)y. Recall B(t) =
B(t)4.
By triangle inequality
1B = BII7: < 1B Bli=+11B—g*l7=+llg" — Bl7, (3.21)

-
where g* (+) = (gi‘ ()9 ()) is a vector B-spline function that is the best
approximation of B (-) on the space G = Gy x --- x Gy, i.e.

lg* — BlI72 = pn- (3.22)

-
There is a vector v* = (71*1, VK Ypls e ’V;;Kp) of spline coefficients,

such that g* (t) =B (t)v* = X", S YirBik (t) for all t € [0,1].
Let us start with || B — BH%Q It follows from the spline properties, that

A

2|2

18- Bl = IB() (5 — %) 3 = T, (3.23)

We can rewrite |4 — |3 by a series of algebraic operations and from Lemma

2

n -1 5
14 =415 = (ZUIWZ-UZ) S U WL(Y; - V)

i=1 i=1

2
2

n -1 2
= <Z U/ WiUi> YU Wie;| =
2

H (UTWU) " UTWe

K? K, K, B

= Spewu(SUTwu) (ShUTWU) UTwe
K? K?

= SneTWTUUTWe =~ [UTwe|, (3.24)
n n 2

By utilizing the linearity of the expected value and taking the conditional
expectation of (3.24]), the expression can be simplified because of independence

for different subjects ¢ = 1,...,n through elementwise representation as
K2y o o K201 25 ?
ﬁ HU WEHQ = ﬁ 2 7772 Jz:: kz_: ZXU zl El)gil D|. (325>

Forall I =1,...,n;, ' = 1,...,n; U' # [, by the properties of B-splines in
Lemma 2 and condition (C3)

C
E [(Xy(Tu) By(Tw)ew)® | D] < "

E [(Xi;(Ta) Bjr(Ta)ea) (Xij(Tar) Bj(Tiv)ear) | D] < [(_?27

where C' is a real constant. Therefore, E {( X (Til)Bjk(Til)eilf | D} can be

expressed as a sum of n; terms bounded by -& 7 and n? —n; terms bounded by %
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We have

<.

2 ~ K;
5, < A=A Kags 1Y
1B =Bliz = =g = 5D w2 D E
= 1 9=

L () o, (B[ L (- 1))

Let us now consider the second term from the inequality (3:21) |8 — g*[|2..

[(Z Xij(Tz‘l)Bjk(Tz’l)sil> |D

=1

Similarly, as for the first term ||B — BH%z, by a series of algebraic operations it is
easy to show that

1B~ "I = [B(t) (5 — ) 3 = =22 (3.26)

2

n -1 n
I =15 = ‘ (Z UZWZ-UZ) > UTWi(Y; - Uiy")
=1 =1 2
K2 n _ 2
= 2 IS UTW, (Vi - Uny')
1=1 2
K2 1 ’
- ZZ <z;n ZX:X” ) Bii(T) (Vi — Ury' )) (3.27)
i =1

where (Vi —=Uiy"), = X (T)B(T) — X (To)B(Ta)y* = X[ (Tu)(B(Ta) —
B(Ty)v*) denotes the I-th term of (171 — Ui'y*). From the condition (C3)

(¥ = Uy"), | = 1X (L) (B(Ta) = BTa)y")| S o (3.28)
hence
- 2 K2p? Kora1 & ?
Y=l =52 > (Z — ZX@(TZDByk(TzD>
e S k=1 \i=1 "M 1=
PRI QU N RS
§Knpnz *ZfZXij(Ti) Z ZBﬂk it)
j=1 k=1 \"Vi=1 T 1= =1 "=
(3.29)
1ga 1 & ?
SKp (= —> Bu(Tu) ) (3.30)
=1 ™14
S Knpl, (3.31)

where the inequality (3.29)) follows from the Cauchy-Schwartz inequality and the
inequality (3.30)) holds because of (C3). The inequality (3.31]) holds because
1 & 1
su B 3.32
] ]5)’]’1/ 12:1 ’I’LZ 1221 ]k? N K ( )
for details, see Lemma A6 in [Huang et al. (2004). The result follows. O

We have shown the consistence of the estimates B Similarly, the proposed
estimator of V; is consistent (Huang et al., 2004).
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3.1.2 Asymptotic normality

Theorem 2 (Asymptotic Normality). Let the conditions (C1) — (C5) hold and
set t € [0, 1]. [f%i_)ngoKnlognK” 0 and lim K, ™% =0, then

n—o0

In particular,

{var(B(t)| D)} "2 (B(t) - B(t)) > N(0,1,),
where B(t) = E(B(1)D) = (B, (1), .., B,(1) -
{var(B,(t)| D)} <ﬂ]<t>—Bj<t>>i>N<o,1> forj=1,...p.

Proof. Recall Yy = X,(Ty)" B(T; ) (~21,.. Y)Y =(V,....Y,)T,
5 = ERID) = S, (UTWU) S, UTWY,, B(t) = B(t)5, and B(1) =
B(1)%

It holds

Bt) = B(t) =B(t) (¥ — 7).

so B(t)— B(t) can be considered a linear transformation of 4 —4 and it is sufficient
to show

~ ~ -1 . -
{var(¥ = 41D)} 2 (4 — %) = N(0,1x). (3.33)
By the Cramér-Wold device, it is sufficient to show that for any vector ¢ € RX,
c#(0,...,0)"
T A . ~
S NP
Vvar (7 (3 =) D)

The expressions can be rewritten as

n -1
c' (Z U WiUi> U We;

=1

=1

bV, e, = z\/bTb 1%, Za,&, (3.34)
=1 \/ =1

>
=1
n n -1
= Z CT (Z U:Wz[[L,) UTW Vl/ZV 1/251
i=1
> b

var (¢ (5 - 9)

B

n -1 5 -1
=c' (Z UZWiIUl) > U W,V W,T; (Z U,/ W, IU) c,

i=1 =1 =1

where

n -1 n -1

i=1 =1
1
b/ b,

(2

n —1
bl =c (ZUIW@-UZ-) UTWv2 &= ——=b]V; %,

i=1
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—1 -1
It holds that a? = ¢! (T, UJW,U;)  UJW,V,W,U; (S0, UJW,U;) ¢
and, conditioning on D, §; are independent random variables with

E [&ID] =0, var[§|D] =1,

hence the random variables a;&; have, conditionally on D, mean zero and vari-
ance a? = ¢ (S, UJW,U,) UTW,V,W,U, (S, UTW,U,) e T follows
that E [a;&|D] = 0, var [a;&|D] = a?. They are independent, but heteroscedas-
tic. We use the Feller-Lindenberg central limit theorem to show the asymptotic

normality.
If the Lindenberg’s condition is satisfied, then by the central limit theorem

y ik 2, N(0,1). (3.36)
i=1 noa T
Assume that
max a?
i 0. (3.37)
Define s = 3" | a?, m,, = maxa?.

The Lindeberg’s condition states, that for every € > 0

R
Jim 5 >E (0261 jo,6, 52, D] = 0. (3.38)

n =1

It holds, that

1 n
D E |Gy

2
ni=1 Sni=1 €21>—"

1L '
nll_}I{.lo ? Z E [@?gzzﬂﬂazfﬂz&sn}‘lp} - nll—>r£lo

n i=1 ‘512‘2 S

:Jg%;ZE a?{?ﬂ zz}D

=)
Sh i=1

1< 242
< lim > _E |q; 11{|£2|>52s% D]

1
= lim —E [32,5%1{ 2,2
gl

n—00 3721

— 1 2
= nh—>I£1<>E |:£1:[I‘{I£%>E25%}|D] . (339)

— mn

Thus the condition (3.37) implies the Lindenberg’s condition. From there ({3.39))
holds. It remains to show the condition ((3.37)).

Denote a vector A = ( " U?WiUi)_lc = (AlT, . ,/\;)T, where A =
(>\j17 ceey )\jK]-) for ] = 1, ..., P. Then

a? = XU W, V,W, U (3.40)
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Let us start with the expression in the numerator of the Lindenberg’s condi-
tion (3.37))
AU WV, WU

It follows from condition (C3) that for any vector ¥ = (¢y,... ,@bm)T
length n;

wViw:E[@mmo) < IWIESE (M) Smlvlf, (@41

hence by the Cauchy-Schwartz inequality, (C3), (C4), and the properties of the
B-splines

AU WV, WU < oAU W, W0

1 1 &
= =AU/ UXx=—> AU, Uy
n; ni 5
2
1 U p
= ni Z Z Xz] il Z )\]k‘ )
v ]=1 ]21 =
A p (K 2
< =D X2(T) Y (Do NieBie(Tw) (3.42)
M= |j=1 j=1 \k=1
p || K 2 P || K 2
<M NieBi| S ER DD AeBi|| Sl (3.43)
j=1 |[k=1 - j=1 |[k=1

Let us now consider the denominator of (3.37). It follows from (C6) that
V; = o1, + V,;, where V; is a positive semidefinite matrix. From there

AT (Z U/ WiViWiUi> A>T (Z U/ Wiwiu> A
i=1 i=1

1 n 1 ng 2
2
=no’ =) 5 ZXw i Z%kBﬂc it)
L L)
K; 2 2
> 0° min — AipBig AiLB
i=1,...nn; kz::l TR l_nlun n; kz:l J
n Ly n

(3.44)

It holds || 312, Nk Bj]|2 = [Drh Nk Bji]|? almost surely, for details, see

Lemma A2 in [Huang et al. (2004). By Lemmawe have || 07, Nk Bji||? = %,
thus

n 1
y (ZUJWiViWiUi)v LA (3.45)

= n{nn n;

From and (§ -

K,
< max n;— (3.46)

na? AT( i:l[Uz—'rWiViWiUi) A Vishen U n
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almost surely. The expression (3.37) follows from the assumption
lim K, =5 = (), 0

n—oo

Corollary 2.1. Suppose ti,...,t,, € [0,1],m € N and let the assumptions of
Theorem [9 be satisfied. Then for all j =1,...,p

T 4

V-2 (BJ (t1) — B]‘ (t1) ... aBj (tm) — Bj (tm>> = N (0, L),

where V. is a m X m  matriv with (q,7)—th element equal to
e, B (t,) Var(¥|D)BT (t.)e;.

Proof. Recall Bj (t) =e/B(t)A, Bj (t) = e/ B (t) 5. From the proof of the Theo-
rem [2]
A ~ N ~
{Var(y =3I D)} % (3 = %) 5 N(0,I).

Consequently,

B (t) = B; (1) e/ B (t)

= : ¥ —9) (3.47)
B (tm) = B; (tw)) \&]B (tn)
as a linear transformation of (4 — 4) satisfies
(B~ B (1)
Vo2 : 4 N(0,1,,), (3.48)
ﬁj (tm) — 5j (tm)
where V is a m X m matrix
e/B (1) e/B(t))
Var(4 — 4| D) : . (3.49)
e, B (tm) e/ B (tn)
[l

We would like to replace B (-) by B (-) in theoremand Corollaryto be able
to make inference about B (-), rather than 3 (-) (we could however consider 8 (-)
the estimable part of B (-)). This replacement can be justified by the following
theorems.

Theorem 3 (Bias). Suppose conditions (C1) — (C4) hold, and T}LrlgoKnbg% = 0.
te(0,1]

Proof. See Lemmas A9, A10, A1l in |Huang et al.| (2004)). O

Under an additional assumption that 3; have bounded second derivatives, we
have p, =< 75 (Schumaker, 2007).
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Corollary 3.1. Suppose conditions (C1) — (C5) hold, JLIEOKnbg% = 0,

nlgg}% =0, and B;(-), j = 1,...,p, have bounded second derivatives.

SetmEN and c € R™, ¢ # 0, then

(c™Ve) " (7 ((By(t). . Byltn)) = (By(t0), . .,@(tm))T))] = 0,(1),

sup
t1,etm€[0,1]
where V is a wvariance-covariance matriz of ((B]( ) (m)) condition-
2
ing on D. In particular sup | (var( )) Y ( ) | =
t€[0,1]
Proof.

n -1 n n -1
c'Ve=c'] (Z U/ WiIUi> (Z U/ WiViWiUi> (Z UZWZ-M-) J'e

i=1 i=1 i=1

=T (Z IUZ.TWN@-WZ-UZ) A,
=1

for X\ = (X0, U/ WiUi)_l J7e, where

eJTIB% (tl)
J= :
e, B (tm)
From Inequality ({3.45]),
ez —— Al
max nl n
It holds
n 1 Kon (o 1 2
i=1 ) n Bn \;Z )

-1
According to Lemma , the matrix Ln ( o UIWiUi) has bounded eigenval-

K.
ues, hence it is easy to see, e.g. by the Spectral decomposition, that
K2
-
Mgz | B 2 K

The asymptotic upper bound for ¢' Ve is then

K,
n_max nz

i=1,...,

Because 3;(-), j = 1,...,p, have bounded second derivatives, p, < 1/K?2, and
from Theorem [

sup e ((Bj(t), -, By(tm)) T = (Bi(1), -, Bitm)) )| = Op(1/K2).

From there the statement of the theorem follows.
The special case follows by setting ¢ = e;. O
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Corollary 3.2. Let ty,...,t,, € [0,1],m € N and let the assumptions of Corol-
lary [3.1] be satisfied. Then for allj =1,...,p

V3 (B (1) = By (0) oo B (t) = B (1) % Nin(0,T,),

where V. is a m X m  matriv with (q,7)—th element equal to
e, B (t,) Var(¥|D)BT (t.)e;.

Proof.
B (t1) — B (t1) B (t1) — B; (t1) B; (tr) — B; (tr)
v z =V s TV ; :
B; (tm) = Bj (tm) Bj (tm) = B; (tm) Bj (tm) = Bj (tm)
the result follows from Corollary and from Corollary [3.1] []

As a result, Theorems and can be used to construct asymptotic
confidence intervals and asymptotic confidence bands for the coefficient func-

tions f3; (-) .

3.2 Confidence intervals and bands

3.2.1 Confidence intervals

From Theorem [2 for j =1,...,p, and ¢ € [0, 1]

var(3,(0)1D) " (B,(1) — E(B,(0ID)) —L N(0,1), (350)

n—00

where E (3 ;(t)|D) and var(f3 ;(t)|D) are the mean and variance of 3 ;(t) condition-

ing on D. For simplicity, we write just E (B](t)) and Var(Bj (1)).

Suppose that there is an estimate var(3;(t)) of var(j3,(¢)) such that

A

v/?ar(éj(t)) Py (3.51)

var(f3;(t)) "o

It follows from the Cramer-Slutsky theorem, that

(8,0} 7 (B,() — E(B,(0) —25 N0, 1), (352)

which gives us an approximate (1 — «)% asymptotic confidence interval for

E (3.(t)) with end points
Bj (t) £ “l1-a/2\ @@j(t))v (3.53)

j
where 21_q/9 is the (1 — «a/2) quantile of the standard normal distribution.

If the conditions of Corollary are satisfied, then by the Cramer-Slutsky
theorem

{var(B; (1)}

N

(B;(1) = E(B;(0) + E(B,(1)) = B;(t)) —=— N(0,1)  (3.54)

n—oo
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and (3.53) is also a (1 — )% asymptotic confidence interval for 3;(t).
For completeness, let us also include simultaneous confidence intervals for all
linear combinations of f§; at multiple time points. For t,...,t, € [0,1], m € N,

Am A A~ T
denote B = (B;(t1),..., 5, (tm))" and B, = <5j (t1),.--, 0, (tm)) . From
Corollary [3.2] we know

AMm T A M
(,Bj — B;”) vt (ﬂj — ,B;”) LN X2, forn — oo.
Let V be a consistent estimator of V. Then from the Cramer-Slutsky theorem
A T ~A—1 A MM

(8] —B7) V(B —B7) 52 (3.55)
It follows that the (1 — «) confidence region for 87" is

Am T aA—-1/am

{ﬂ;’”‘ eRr™: (BT — ) VT (B] - Br) < (1 - a)}. (3.56)

Additionally, for any vector ¢ € R™, the confidence interval for the linear combi-
nation ¢’ B is

(7 (B - 8y))’

c'Ve

t(c) = cT,BJm B e R™, <xi(l—a)yp, (3.57)

where x? (1 — «) denotes (1 — a)—quantile of x? distribution. We can construct
simultaneous confidence intervals for all ¢" 87" by calculating max t(c).
ceR™

(7 (B —8y)) (<" (B - 87))

max t(¢) = max

ceR™ ceR™ Ve
=1 (v (8] - 87) (B - 7)) (3.5)
~1e((B) - 8y) (8] - 8y))
= (B —By) V(B -8y, (3.50)

which has asymptotically x?2, distribution. The equality (3.58) holds as a max-
imum of quadratic form (Theorem 2.5 Hardle and Simar, 2019)), and because
A — AMm Am T

\Y ' (,Bj — ,6’;”) (Bj — 5]”‘) is a matrix of rank 1, the trace is equal to its only
eigenvalue. It follows that the simultaneous confidence intervals for all CTB}”
(with simultaneous coverage level of 1 — «) are

(cTB;n — \/an (1—a)c Ve, CTB?L + \/XEn (1—a) cT@’c) : (3.60)

As an example we can construct the confidence intervals for each [(t;), k =
1,...,m, by setting c = e;,

(00 = (1= ) 00,50 + P (1 -y (o). (o)
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As we can see, the distinguishing factor between the interval in question and the
previously proposed interval in lies in the choice of the quantile. In general,
the coverage of is quite conservative, and this method will provide wider
confidence intervals then the Bonferroni adjustment for each individual confidence
interval for §;(tx), see Section m However, suppose we want to analyze the
differing impact of a covariate (such as a dosage of a medication) on a particular
outcome (like blood pressure) at varying time points, e.g. differing by a particular
time unit. In this case, we could express the pairwise difference in these effects
by a linear combination of the coefficient functions at those times. gives
an easy way to construct many of such intervals that hold simultaneously.

Pointwise confidence intervals are not always sufficient in application. This is
because a (1—a)% pointwise confidence interval (Lq/2(t), Uqa/2(t)) only guarantees
that

P (Laja(t) < B5(t) < Uapa(t)) = 1 (3.62)
for some given ¢ € [0, 1], which does not imply

P (Laja(t) < Bj(t) < Uayalt) for any t € 0,1]) = 1 - a. (3.63)

More interesting are simultaneous confidence bands.

3.2.2 Confidence bands

We might use the pointwise confidence intervals to construct simultaneous con-
fidence bands by adjusting the level of significance in a Bonferroni-like way as
proposed by [Knafl et al. (1985]). The idea is to construct pointwise confidence in-
tervals on a fine grid of [0, 1] while adjusting the confidence level (for example by
the Bonferroni method) to obtain simultaneous confidence band and bridge the
gaps between the points by imposing some smoothness conditions on the coeffi-
cient function. [Huang et al.| (2004) suggested calculating the confidence bands in
the following manner. Partition the interval [0, 1] using M + 1, M € N, equidis-
tant points 0 = (; < --- < (41 = 1 and consider the set of asymptotic confi-

dence intervals (La/ am+1)) (&), Uay2(0i+1)) (Q)) forr=1,..., M+1 as given by

(B-33)- Let L o1y (1) Ua/(2(M+1))< ), and E'(B;(t)), ¢ <t < Gy, be the
linear interpolation of L /2(ar+1)) (¢r) and Lajea+1)) (Gr41) 5 Uayev41y) () and

Uaj2(0+1)) (Gry1) , and E (@(Q)) and E (Bj(CTH)), respectively. For example,
EYB3j(t) = M(Grn — ) E 5;(¢) + M(t = () E B;(Grin). (3.64)

Let us first look at the confidence bands for E (B] (t)). Assume that either

sup [{E (BJ (1)} | < ¢ for some known positive constant ¢; (3.65)
tel0,1]
or
sup [{E (Bj(t))}”| < ¢y for some known positive constant cs. (3.66)
te0, 1]

Now by assuming condition (3.66)) by using the Taylor theorem it is easy to show
. A c
E B0 —E'B(0| < 5 (G =)t =G,). (3.67)
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Similarly, in the case of (3.65)), it can be shown that
€ B,() — E'B,(0)] < 260M (G — ) (= G,). (3.68)

67

(LL/(Q(M+1)) (1), UI/(Q(MH)) (t)) is an approximate (1 —«) confidence band for
15 . . . .

E' 5, (f) By adjusting the width we get an approximate (1 — «) confidence band

for E 3;(t)

(LL/(Q(MJA)) (t) = 2Mer (Gt = 1) (t = G)  Ug paaaryy (8) +2Mer (Grn — 1) (¢ — Cr))

(3.69)
in the case of (3.65)), or
L. () =5 (G =8 (t=) U () + 5 (G = 1) (=)
of(2(M+1)) 9 r+1 ) Ya/(2(M+1)) 92 r+1 r
(3.70)

in the case of (3.66)). The confidence bands are confidence bands also for g; (-),
if the assumptions of Corollary hold and if the conditions (3.65)), resp. (3.66]
hold for 3; (-), i.e

sup |{B;(t)}'| < e for some known positive constant ¢, (3.71)
t€[0,1]
or
sup [{B;(t)} | < ¢y for some known positive constant c,. (3.72)
t€[0, 1]

The issue is how to choose the number of intervals M, as there are no avail-
able guidelines, and the constants ¢y, resp. cy. The values ¢; and ¢y should be
chosen carefully based on an expert’s opinion. Another issue is the choice of the
significance level of each interval. The suggested Bonferroni adjustment has an
advantage of being simple to implement as it does not require any information
about the correlation. However, it could lead to too conservative bands, especially
for large M.

We investigate the usage of another confidence level adjustment, based on the
inclusion-exclusion principle, taking the correlation structure into account. This
way we should get narrower confidence intervals and consequently also confidence
bands. On the other hand, the following procedure relies heavily on a consistent
estimator of the covariance structure, therefore the confidence bad might be too
narrow for data with insufficient n.

The inclusion-exclusion principle is a fundamental concept in combinatorics
and probability theory. It provides a way to calculate the probability of the union
of multiple events.

For each (., where r = 1,2,.... M + 1, let A, denote the event that the
confidence interval at (, does not cover the true coefficient function, i.e., ei-
ther the upper limit of the confidence interval is below the true coefficient func-
tion, or the lower limit is above the true coefficient function at (.. Formally, let

(La/2(¢), Uay2(¢r)) be the confidence interval at ¢, given in , then
Ar(a) = {W : 6r(<r) < La/2(<r;w) or 5r(<r) > Ua/2(<r;w)} (373)

where w belongs to the underlying probability space 2. For simplicity, we write
just A, instead of A, («).
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By the principle of inclusion and exclusion

M+1 M+1
PO A)=> Y PA)— Y PANA)+ > P(ANA;NA)
r=1 r=1 1<i<j<M+1 1<i<j<k<M+1
— e (D)MPIP(A N AN N A (3.74)

By considering the intersections just up to order R € N, R < M, we either over-
estimate or underestimate the probability of union. For odd R from |Bonferroni

(1936)

M+1 M+1
F’([J /h) <Y PA)- S P(ANA) (3.75)
r=1 r=1 1<, i <M1 i#j

+ . (=) > P(A;, NA,N...NA;,). (3.76)

1<iy <ig<...<ip<M+1

For R =1 it is the well-known Bonferroni inequality (also known as Boole’s in-
equality) which justifies the Bonferroni multiple-testing adjustment. Problematic
is that the number of items (in our case integrals) one has to calculate in order
to use these inequalities is % (M +1), which is even for R = 3 at least for po-
tentially reasonable choices of M quite large. Alternative formula was developed

for R = 2 by Hunter| (1976)

M+1 M+1
P(J A4,) < D P(A)— > P(ANA, (3.77)
r=1 r=1 e;; €T
where T is any spanning tree with vertices A;,..., Ayq1 and e;; € T' means that

the vertex A; is connected with the vertex A; by an edge e;; in T'. Hoover| (1990)
expanded on the idea and provided extension for R > 2

W%jgh)SP(CL&)+ %ﬁ»P<AT N Q&1U~-UA%1Yj, (3.78)

r=1 r=1 r=R+1 11 <o <fp_1

where iy,...,ig_1 € S, for S, set with R — 1 elements from {1,2,...,7 —1}.
It is easy to show that for R = 1 it is again the standard Bonferroni inequality,

and for R = 2 it corresponds to (3.77)). Inequality (3.78]) is particularly appealing
as it consists of calculating only M — R probabilities, each based on just R events.

Inequality (3.78)) holds for any sets S,, and the optimal choice vary depending on
the situation. We suggest to use S, ={r—1L,r —2,...,r — R+ 1}.
Let us now demonstrate how to use (3.78]) for R = 3 in our context. Recall,

. - T
that from Corollary are (6 (&), B (51)) asymptotically normally dis-

tributed with the mean (6; (&), ...,5; (€p41)) ' and variance matrix V. Suppose

we have a consistent estimator of the variance matrix V. The goal is to find a
confidence level &, such that

M+1

P(k{‘AT)::a (3.79)

for A, = A.(&). Further, set Vijk the submatrix of V corresponding to the terms
B (&), B;(&), and B, (&), additionally &; = e/ Ve, is the variance of B, (&)
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Set 4 = 21_a/2. Inequality (3.78)) is then

M+1 M+1
P(U A) SP(AUAUA) + 3 P (AN (A UA L)), (3.80)
r=1 r=4

where

P(A; U Ay U A3) = P(Ay) + P(A) + P(A3) — P(A; N Ay) — P(Ay N A3)
—P(A1NA3) +P(A; N Ay N A3),

and we approximate
P (Ar N (A1 U AT_Q)C)

00 Or_1u Or_ou 1 -1 ol
- 2/ . . = exp ?513 Vr(rfl)(qqu)il) drsdxodxy.
R R

P(A;1 N Ay),P(A2 N A3), P(A; N A3),P(A1 N Ay N Aj3) can be rewritten similarly
as sums of integrals with bounds depending on the standard deviations and the
quantile u (in all of the cases we integrate over region, in which all the intervals
do not cover the true coefficient function). It should be pointed out that the
correlation structure is unknown, and in smaller samples, the actual coverage
probability can deviate from the nominal level due to its estimation.

We propose the following procedure: choose u such that holds, and & so
that the confidence level & satisfies u = 21_5/2 and consequently & = 2 — 2®(u),
where ® denotes the cumulative distribution function of the standard normal
distribution.

The confidence band is then constructed analogously as when using the Bon-
ferroni correction. The only difference is that the confidence level for each of
the M + 1 confidence intervals is taken as & instead of a/(M + 1). It holds
& > /(M + 1) resulting in narrower confidence bands. However, the construc-
tion is more complex and relies on a good estimate of the covariance matrix. In
Chapter {4 we compare both procedures for various choices of g;(-) and M to
see whether the adjusted procedure is indeed considerably less conservative, or
not, and if it could be an alternative to Bonferroni adjustment at least for large
datasets.

3.2.3 Usage for hypothesis testing

Once the covariate functions are estimated, we would like to know: (1) if the
estimated unknown coefficient functions are statistically significant in the fitted
model, (2) if the coefficient functions are really varying, and (3) if the estimated
unknown coefficient functions could be expressed in a certain parametric form.
That corresponds to the following hypotheses:

ng VvVt e {0, 1] . Bj(t) = ij(t,w;—) VS. Hlj dt e [O, 1] . 6](t) % 5j,0(t,ij),

where ﬂm(-,w;) represents the parametric function of interest depending on
a vector of parameters w;. As a special case to test (2), set 5j70(-,ij) = Bjo,
where (3¢ is an unknown real constant. To test (1), set 3j0(-,w; ) = 0.
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We can test the hypotheses by using confidence bands. If all necessary
assumptions are satisfied, see Theorem [3 we have pointwise normality, and can
construct asymptotic confidence intervals for ; (t),¢ € [0,1]. Then we can con-
struct simultaneous confidence band for the coefficient function j; () by methods
discussed in Section [3.2.2

If the entire function from j3;¢(t, w; ) falls within the 100(1 — a)% confidence
band, we cannot reject the null hypothesis Hy;. On the other hand, if any part
of the parametric function lies outside of this confidence band, we reject the null
hypothesis. It should be however again pointed out that such confidence bands
tend could be conservative by using the Bonferroni correction (have a low power),
or be too narrow when considering the Hoover’s inequality correction, especially
for small datasets.
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4. Simulation study

In the last Chapter, we compare the performance of the different types of approxi-
mate confidence bands based on the asymptotic normality approach from Section
by conducting a small numerical study. All computations were performed
using the R software (R Core Team), 2022)).

4.1 General framework

Let us consider the longitudinal varying-coefficient model with a single covariate
and coefficient function, i.e the case

Y(t)=Bt)X(t) +e(t), (4.1)

where £(t) is a zero-mean error process.

We will investigate the coverage of the confidence bands using the Monte
Carlo simulation in various scenarios.

Data satisfying the model are generated using the following mechanism.
We consider n = 100, 200, 300, or 500 subjects, indexed as ¢ = 1,...,n. For
each subject, we choose unequal number of observations n; ~ Po (8) . If for some
1 :n; < b, weset n, =5, and if n;, > 11, we set n; = 11 so that each sub-
ject has 5 — 11 observations. All time points are generated as independent re-
alisations of 7' ~ Unif ([0, 1]) and ordered for each subject. The errors e; for
each subject are independent samples from a zero-mean process &, such that
ei(Ty) = Zi(Ty) + Gi(Ty), where Z; is a realization of a stationary Gaussian pro-
cess with an autovocariance function C.(s,t) = 2exp(|s — t|>/2) representing
within-subject correlation and ¢; is an independent realizations of N(0,1) rep-
resenting a measurement error. The covariates are chosen to be time invariant,
generated X; ~ N (5,2) and X;(Ty) = X; forall l =1,... n,.

We consider three different options for the coefficient function (3(t)

L pA(t) =1+2t,
2. BB(t) =1 — sin(27t),
3. BC(t) — 63(’5_0'5)2“'#'

As we can see from Figure B4 represents a linear trend, 3% is a sinusoid
often encountered in natural sciences, and 3¢ represents a steep initial decline
that slows down and reaches its minimum at ¢ = 0.5, after which it increases,
however at a slower pace then it decreased.

The coefficient functions are estimated using the polynomial spline estimator
introduced in Section with weights ni We use cubic splines (d = 3) and
equidistant knots. The number of knots is chosen by the AIC criterion due
to the computational complexity of the leave-one-out CV (2.16]), the number of
inner knots for the estimation of the covariance function, and separately variance
function of (¢) is chosen as 5, based on the recommendation of 5 — 10 knots by

Huang et al.| (2004).
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Figure 4.1: Graphs of the considered coefficient functions 5%, 8B, 5°.
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Figure 4.2: Polynomial spline estimates for n = 100, 200, 500, number of inner
knots chosen through leave-one-out CV considering 3 — 8 inner knots.
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For all of these scenarios, we will calculate the empirical coverage probabilities
of two types of confidence bands based on 1000 replications at the significance
level 0.95 with M = 50,100,250 grid points used for the construction of the
confidence intervals.

Let us construct the asymptotic confidence bands in . We consider two
methods for choosing the confidence level of the M + 1 confidence intervals, the
first one is based on the classical Bonferroni adjustment, we will refer to such
confidence band as Bonferroni-adjusted band. The second one is based on the
inclusion-exclusion principle, specifically on Inequality , we will refer to this
confidence band as PIE-adjusted band. Recall, that the formula for the asymp-
totic confidence band for a coefficient function with bounded first derivatives
(under some regularity conditions) is

(L}x/(2(M+1)) (t) = 2Mc1 (G = ) (0 = &) s Unyoqaagry) (8) +2Mer (G — 8) (8 — Cr)) :

The formula depends on the choice of M and ¢y, where ¢; is given in (3.71]).
The ideal choice of M is unknown, we consider 3 cases to compare the results. It
should be pointed out that too small M (possibly M = 50) might not be the best
choice, as the confidence band is constructed by fitting a parabola between two
consecutive ends of confidence intervals and rather small M can provide quite
high parabolas. The value ¢; is a constant. It should be evaluated based on
an expert’s opinion or past experience in the prospective field. We chose quite
conservative values of ¢; : 8 for 84, 12 for BB, and 7 for 8¢, in alignment with
the available literature. The coverage was checked for 1001 grid points on [0; 1].

4.2 Results

Let us first asses the performance of the estimators. For that we define the square
root of average squared error of an estimator 3 (-) (RASE)

n  n; 1/2

RASE:[ > (B, T@)ﬂ . (4.2)

i=11=1
Table 1] contains RASE estimators for all 12 cases.

Leave-one-out CV
100 200 300 500

B4 0.036 (0.012) 0.025 (0.07) 0.020 (0.007) 0.015 (0.005)
BB 0.037 (0.012) 0.027 (0.09) 0.021 (0.006) 0.018 (0.006)
BC0.038 (0.012) 0.025 (0.08) 0.021 (0.007) 0.016 (0.006)

AIC criterion
100 200 300 500

B4 0.036 (0.013) 0.025 (0.008) 0.021 (0.007) 0.016 (0.006)
BB 0.039 (0.012) 0.026 (0.009) 0.022 (0.008) 0.018 (0.006)
B¢ 0.038 (0.014) 0.026 (0.008) 0.022 (0.006) 0.016 (0.005)

Table 4.1: Comparison of RASE mean(sd) for the leave-one-out cross validation
and the Akaike criterion for subjects n = 100, n = 200, n = 300, n = 500, and
the coefficient functions 84, 82, B¢, based 100 replications.
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The two modifications of constructing the confidence bands, Bonferroni-
adjustment and PIE-adjustment, differ only in the choice of the confidence levels
of the confidence intervals a. The confidence levels a and the corresponding quan-
tiles u1—o depending on the number of intervals M are plotted on Figured.3, The
Bonferroni-adjusted level of confidence is lower then the PIE-adjusted level of con-
fidence. Additionally, with increasing number of points, the Bonferroni-adjusted
level of significance continues to decrease much faster then the PIE-adjusted con-
fidence level.

8 2 . -
27 14 Bonferroni adjustment —~w© Bonferroni adjustment
Y 4 PIE adjustment S| * PIE adjustment
4 Z <
G o |
3 2o
©g Eo
o =]
=8
S
O ©
2a r
o ~
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S0 50 160 150 200 250 ~NTh 50 100 150 200 250
M M
(a) Confidence levels. (b) Quantiles.

Figure 4.3: An example of dependency of the confidence levels and quantiles on
the number of confidence intervals M for n = 100, and 4.

Bonferroni correction PIE Adjustment
M=50 M=100 M=250 M=50 M=100 M=250
ﬁA
n=100 0.979  0.981 0.984 0.943  0.924 0.907
n=200 0.981  0.979 0.993 0.950  0.946 0.941
n=300 0.984  0.989 0.992 0.951 0.95 0.945
n=500 0.991  0.992 0.997 0.968  0.959 0.950
BB
n=100 0.977  0.982 0.992 0.931  0.933 0.924
n=200 0.988  0.988 0.992 0.960  0.955 0.939
n=300 0.990 0.991 0.992 0.962  0.959 0.950
n=500 0.987  0.993 0.993 0.967  0.964 0.953
ﬂC
n=100 0.972  0.980 0.988 0.922  0.917 0.923
n=200 0.991  0.983 0.994 0.951  0.931 0.932
n=300 0.950  0.980 0.994 0.972  0.954 0.943
n=500 0.979  0.991 0.996 0.956  0.958 0.949

Table 4.2: An empirical coverage of asymptotic confidence bands based on
the Bonferroni adjustment and PIE adjustment for M = 50, 100, 250, n =
100, 200, 300, 500 for coefficient functions 34, 3%, B°.
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4.3 Discussion

From Table [4.1] the estimates get closer to the true value, as the sample size
increases, which is in line with the consistence result from Section [3.1.1 We can
see that the leave-one-out CV slightly outperforms the Akaike criterion, though
it should be again noted that the leave-one-out CV is very computationally ex-
pensive. It seems that Akaike criterion in comparison performs rather well in our
case with much less computational demands.

The results of the simulation study can be found in Table We see that
the Bonferroni-adjusted confidence bands are indeed very conservative. The PIE-
adjusted confidence bands are much narrower. For insufficient sample size (n =
100, sometimes n = 200, n = 300) the PIE-adjusted bands do not maintain the
confidence level 0.05. That is because the construction relies heavily on asymptotic
results (consistency of both the estimate and the covariance structure).

The PIE-adjusted bands appear to be a quite reliable alternative to the
Bonferroni-adjusted bands for larger datasets. The usage of PIE-adjusted bands
for hypothesis testing as discussed in Section [3.2.3] would lead to higher power.
One should be however careful and for small datasets use the Bonferroni-adjusted
bands.

We considered three choices of M as the ideal choice is unknown. For the
Bonferroni-adjusted bands the coverage probabilities tend to increase as M in-
creases. That is because the bands gets wider (at least at the grid points where
the confidence intervals were estimated) as the quantiles get larger, see Figure
4.3 On the other hand, for the PIE-adjusted bands the coverage seems to de-
crease with increasing number of M. That is due to the fact that the quantiles
increase at a much lower rate. The PIE-adjusted confidence bands were cho-
sen such that the asymptotic simultaneous coverage of the confidence intervals is
as close as possible to the threshold 0.05. It could be reasonable to slightly de-
crease the threshold and consider a more conservative construction, though still
producing narrower confidence bands then the Bonferroni-adjusted bands.

It should be pointed out that the results of our simulation study are influenced
by the choice of ¢;, which is in practice an unknown value that needs to be care-
fully chosen. By taking a lower value of ¢y, the confidence bands (the adjustments
between the confidence intervals) will be slightly narrower and thus the empirical
coverages in Table will be slightly smaller. The Bonferroni-adjusted bands
will presumably still be conservative, however, we might need greater sample size
to maintain the level of significance in the case of PIE-adjusted confidence bands.

The estimation of ¢; is an important issue that has not been addressed prop-
erly, based on this small simulation study it seems reasonable to consider a slightly
conservative estimate of ¢; together with the PIE-adjusted confidence bands for
reasonably sized datasets. The Bonferroni-adjusted bands should be used in case
of a small to moderate datasets, the choice of ¢; should be sensible.
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Bonferroni-adjusted confidence bands, PIE-adjusted confidence
bands, true value and estimated value of 34 based on a sample of size n = 100,
M = 50,100, 250, drawn by the values of 41 grid points on interval [0; 0.04].
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Conclusion

In this thesis we introduced longitudinal varying coefficient models and two closely
related spline estimation methods. In the third chapter, we derived asymptotic
normality and consistence for the polynomial spline estimator under some mild
regularity conditions. We showed how the asymptotic properties can be used to
construct asymptotic confidence bands by taking pointwise confidence intervals
on some grid, interpolating between the end points and slightly widening the
band at the interpolated points to account for the interpolation.

An important question is how to choose the confidence level of the point-
wise intervals. An appealing choice is to adjust the confidence levels using the
Bonferroni correction. However, especially for high number of grid points, such
bands might be very conservative. We described a possible modification based on
Holder’s inequalities which leads to a lower confidence level than the Bonferroni
correction, but relies heavily on the precision of approximation.

In the fourth chapter, we investigated the performance of the confidence bands
under various scenarios. We saw that the Bonferroni-adjusted band was indeed
very conservative in all situations. We also saw that the adjustment of the confi-
dence level based on Holder’s inequalities showed some promising results. How-
ever, the usage requires a careful consideration, taking into account the compli-
catedness of the covariance structure, the sample size, and the prior information
about the first or second derivative.
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