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1 Foreword

Advances in data acquisition methods and information technology make it possible

to collect very large amounts of data in many applications. Examples are computer

networks, satellite mounted remote sensing, and DNA microarrays. Typically the data

are high dimensional. For example, the dimensionality of a single multi-band digital

satellite image taken from a satellite can exceed millions and the number of images

is limited only by the storage capacity. The inner structure of the data is often very

complex, which prevents the use of data analysis methods that are based on parametric

assumptions. Apart from real world applications, large and complicated data sets are

also produced by various simulation studies. The need for flexible statistical methods

capable of handling such complex data is apparent. Such methods are often heavily

based on computing and the term computational statistics has been coined to refer to

computationally-intensive methods in statistics and statistical visualization.

In this thesis nonparametric computational statistical methods are studied and

applied to pattern recognition and data analysis tasks. The focus of the studies is on

computational efficiency. By computational efficiency we refer to the evaluation speed

of an estimate. In general, the computational efficiency of a nonparametric function

estimator decreases with the sample size. For example in kernel smoothing, which is the

central method in this work, the evaluation speed is directly proportional to the sample

size. Usually, there is a trade-off between the computational efficiency and estimation

accuracy of an estimate, i.e., in order to increase estimation accuracy a larger sample

size is needed. Also, it is well known that as the dimensionality of the data increases, a

larger sample is needed to achieve a given accuracy. The computational efficiency of an

estimate can be increased by applying data reduction methods. In pattern recognition,

dimension reduction may also lead to estimation improvements in accuracy.

An estimate of a given function is chosen from a pre-defined function family ac-

cording to some criterion. The function family must be flexible enough to allow a good

approximation of the unknown function and, on the other hand, to avoid over-fitting, it

should not be too rich. Perhaps, even more important than the function family itself is

the criterion used to choose the estimate. For example, robust criteria can be adopted

when outliers are present and techniques like cross-validation and regularization, can

be used to avoid over-fitting. Also, visualization techniques may prove helpful when

other criteria fail.

This dissertation rests on five individual papers consisting of theoretical work,

method development, and applications. In Paper I the effect of binning, rounding

the data, on the computational efficiency of a kernel regression function estimator
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is studied. Sufficient conditions under which the estimate is consistent are given, an

asymptotic expansion of the mean (integrated) squared error is derived, and simulation

studies are used to suggest a smoothing parameter selection rule.

In general, rounding to a regular grid is useful only in low dimensional cases, i.e.,

less than three dimensions. In higher dimensions other data reduction techniques

should be used. In Paper II a method based on data reduction is used to increase the

computational efficiency of a kernel regression estimator in a multivariate case. The

method is successfully applied to two pattern recognition tasks.

In Paper III the estimation accuracy problem caused by the sparseness of data in

high dimensions is considered. A novel semiparametric density estimation approach

based on splitting the underlying space Rd into orthogonal subspaces Rs and Rd−s is

introduced. The method enables the construction of a d-dimensional density estimate

while restricting the use of kernel smoothing to the lower dimensional subspace Rs.
In Paper IV kernel smoothing is used to estimate modes of the posterior density of

a quantitative trait locus. Simulation studies are used to demonstrate the usefulness of

kernel smoothing compared with the traditionally used histogram. Guidelines regard-

ing the choice of the smoothing parameter via visualization are given, and binning is

used to increase the computational efficiency.

Paper V is a clustering study of families which include members diagnosed with

schizophrenia. In this study clustering and interactive visualization are combined in an

attempt to identify homogeneous groups of families based on their neuropsychological

test performance.

The thesis is organized as follows. In Section 2 the notation is fixed by giving an

introduction to function estimation. Section 3 is dedicated to kernel smoothing, which

is the core method in this dissertation. In Section 4 the following aspects of computa-

tional efficiency are discussed: data reduction, dimension reduction, and visualization.

In the final section summaries of the original papers I–V are given.

2 Function estimation

2.1 Notation

Let (Ω,A,P) be a probability space, where Ω is the sample space, A is a σ-field,

and P is a probability measure. A random vector X ∈ Rd is a measurable mapping

X : (Ω,A) → (Rd,B), where B is the Borel σ−algebra. If P is absolutely continuous

with respect to the Lebesgue measure, the density function fX of X is defined by P (X ∈
B) =

∫
B
fX(u) du, for all Borel sets B ∈ B. Let Y ∈ Rs, s ≥ 1 be a random vector,
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such that the joint density function fX,Y exists. The conditional density function of Y

given X = x, is defined as fY |X=x(y) = fX,Y (x, y)/fX(x), for x such that fX(x) > 0,

and is zero otherwise. Further, denote the regression function, that is the expected

value of Y conditional on X = x, by m(x) = E(Y |X = x).

Let Z1, . . . , Zn denote a sample, a collection of random vectors Zi ∈ Rk, k ≥ 1, for

i = 1, . . . , n. We assume that Z1, . . . , Zn are identically distributed. Also, unless other-

wise stated we assume that they are independent. Denote by z1, . . . , zn a realization of

the sample Z1, . . . , Zn, i.e., zi = Zi(ω), i = 1, . . . , n, for some ω ∈ Ω. Let f : Rd → R,

d ≥ 1 be a measurable function. We assume that f belongs to some function class, for

example the class of continuous functions or the class of differentiable functions. Let F
be a function family, consisting of measurable functions g : Rd×(Rk)n → R. The object

in function estimation is to choose an estimator, a function, f̂n(·) = g(·, Z1 . . . , Zn),

which hopefully is close to f . The subscript n denotes the dependency on the sam-

ple size. When the sample size is not of central interest n is dropped or replaced

with some additional information, e.g. an abbreviation for the estimation method.

Suppose that {h(·; θ)|θ ∈ Θ} is a family of functions parametrized by θ ∈ Θ ⊂ Rp. If

θ̂n = tn(Z1, . . . , Zn) ∈ Θ, with tn measurable, and g(·;Z1, . . . , Zn) = h(·; θ̂n) we say that

the estimator f̂n is parametric. If the estimator has no such finite parametric form the

estimator is nonparametric. A realization of an estimator is called an estimate. The

same notation f̂n is used to denote an estimator and corresponding estimates.

2.2 Estimation criteria

In order to choose between estimators or measure the accuracy of an estimate we need

a suitable criterion. Such a criterion, both in theoretical studies and in applications is

often based on a distance measure.

In theoretical studies the usual goals are: (1) to establish consistency, i.e., to find,

hopefully very general, conditions under which the chosen distance measure tends to

zero as n tends to infinity, (2) to establish the speed of convergence, (3) to find a closed

form asymptotic expansion of the distance measure or of the estimator itself.

Let Z1, . . . , Zn ∈ Rk be a sample and assume f : Rd → R, the function under

estimation, belongs to some known function class. The quality of an estimator f̂n is

then measured by a function of the deviation f̂n − f . The most popular measures are

the (pointwise) mean squared error (MSE)

MSE(f̂n(x)) = E[f̂n(x)− f(x)]2, x ∈ Rd, (1)
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and the (global) mean integrated squared error (MISE)

MISE(f̂n) = E

∫
[f̂n(x)− f(x)]2w(x) dx =

∫
MSE(f̂n(x))w(x) dx, (2)

where w(·) is an integrable function, usually the indicator function of some compact

Borel set. Measures based on other Lp-norms can also be used. Also, the convergence

of the random sequence f̂n − f can be studied by different stochastic convergence

criteria, i.e., almost sure convergence, convergence in probability and convergence in

distribution. An alternative approach is to use the minimax criterion, i.e, instead of

studying an error measure using a single function f , one can study the maximum of

the error measure over an entire family of functions.

The MSE (1) can be expanded into

MSE(f̂n(x)) = Bias2(f̂n(x)) + Var(f̂n(x)), (3)

where

Bias(f̂n(x)) = Ef̂n(x)− f(x), (4)

Var(f̂n(x)) = E[f̂n(x)− Ef̂n(x)]2, (5)

are the pointwise bias and variance, respectively. If Bias(f̂n(x)) = 0 the estimator

is unbiased, otherwise it is biased. In contrast to parametric function estimation,

in nonparametric estimation bias cannot be avoided and choosing a good estimator

includes compromising between minimizing the bias and the variance.

In applications, a criterion is also needed to pick the best estimate f̂n. The function

of interest is unknown and therefore the choice must be based solely on the sample.

In regression we assume that the sample (XT
1 , Y1)T , . . . , (XT

n , Yn)T ∈ Rd ×R, has been

generated by

Y = m(X) + σ(X)ε, (6)

where m(·) is the unknown regression function, σ(·) is a positive bounded function,

E(ε) = 1, Var(ε) = 1, and X and ε are independent. A popular criterion to minimize

is the sum of squared errors
n∑

i=1

[f̂n(xi)− yi]2. (7)

The use of a well-defined error measure may not always be possible. The evaluation of

the appropriate criterion can be computationally too heavy or may lack a convenient

mathematical expression. One way to proceed in such a situation is to rely on some

visualization technique to choose the estimate (see papers IV and V).
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2.3 Statistical pattern recognition

An important application of function estimation is pattern recognition [1]. In a typical

pattern recognition task we have a sample (XT
1 , J1)T . . . , (XT

n , Jn)T , where Xi ∈ Rd
is a measurement taken from the object i and Ji ∈ {1, . . . , c} is the corresponding

class label that indicates to which of c possible classes the object belongs. Here c ≥ 2

is a fixed integer. For example, the objects may be patients, the class labels may

be indicators of different medical conditions, and the measurements may be results

from a test undergone by the patients. The idea is then to define a mapping from

the measurement space Rd to the set of class labels {1, . . . , c} which would enable

automatic diagnoses of new patients based solely on their test performance.

Let X ∈ Rd be a random vector with a density function fX(x) =
∑c

j=1 PjfX|J=j(x),

that is the density function fX is a weighted sum of c separate class density functions,

where the weights Pj = P (J = j) are the class prior probabilities. The problem then

is to define a classifier, a measurable mapping g : Rd → {1, . . . , c}, which minimizes

some given error function, usually the expected misclassification error E(1g(X)6=J). The

optimal classifier, in the sense that it minimizes the misclassification error, is the Bayes

classifier

gBAYES(x) = argmax
j=1,...,c

P (J = j|X = x) (8)

= argmax
j=1,...,c

PjfX|J=j(x)/fX(x), x ∈ Rd. (9)

The above definition of the Bayes classifier allows different approaches to estimator

construction. Estimators of the class posterior probabilities qj(x) = P (J = j|X = x)

can be formed directly (e.g. by regression) or they can be derived from estimators

of the class prior probabilities Pj and class density functions fX|J=j (e.g. by density

estimation).

The sample above included class information. This type of pattern recognition is

therefore also called supervised classification in contrast to unsupervised classification,

where no class information is available and even the number of classes may be unknown.

Unsupervised classification problems are typically approached by using mixture models

or by using various clustering algorithms.

3 Kernel smoothing

In this section an introduction to kernel smoothing, perhaps the most popular non-

parametric function estimation method, is given. The popularity of kernel smoothing
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Figure 1: A kernel density estimate (KDE) based on five sample points. The estimate

is a normalized sum of the five kernels. In the graphical display the kernels have been

multiplied by the normalization factor 1/5.

is explained by its intuitively appealing basic idea and also by its good estimation prop-

erties [2, 3, 4]. In kernel density estimation the sample points, which can be thought of

as delta distributions, are replaced by wider distributions refereed to as kernels. The

estimate is then a normalized sum over the kernels (see Figure 1). More precisely, let

X1, . . . , Xn ∈ Rd be a sample distributed according to an unknown density function

fX . The density function fX can be estimated by the the kernel density estimator

(KDE)

f̂n(x) =
1

n

n∑

i=1

Kh(x−Xi), x ∈ Rd, (10)

where Kh(x) = h−dK(x/h), K is a kernel function such that K(x) = K(−x),
∫
K = 1,

and h > 0 is the smoothing parameter (cf. [5]). The expected value of the estimator

(10) is easily seen to be the convolution function (Kh ∗ fX)(x) =
∫
Kh(x− y)fX(y) dy

which shows the unavoidability of the bias. Although a multivariate kernel can be an ar-

bitrary function with the above properties one usually defines it as K(x) =
∏d

i=1 K
1(x),

where K1 is a one-dimensional kernel function. In a more general form Kh is replaced

by KH(x) = |det(H)|−1K(H−1x), where H ∈ Rd×d is a smoothing matrix, a nonsingu-

lar matrix, and det(H) denotes the determinant of H.
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Let (XT
1 , Y1)T , . . . , (XT

n , Yn)T ∈ Rd×R, be a sample generated by the random model

(6). At a given point x, an estimator of the regression function m(x) can be derived

by minimizing the local version of the sum of squared errors

n∑

i=1

|f(Xi)− Yi|2Kh(x−Xi), x ∈ Rd, (11)

with respect to f ∈ F . By taking F = {f |f a polynomial of order less or equal to p}
the above criterion is linear with respect to the parameters and the resulting estimate

can be calculated by matrix operations (see [4]). In the one-dimensional case and

p = 0, 1 the estimator has simple closed form expressions which we give next. For

p = 0, that is for the family of constant functions, the resulting estimator is the

Nadaraya-Watson estimator [6, 7]

m̂NW(x) =
T0,n(x)

S0,n(x)
, x ∈ R, (12)

where

Sj,n(x) =
n∑

i=1

Kh(x−Xi)(x−Xi)
j, (13)

Tj,n(x) =
n∑

i=1

Kh(x−Xi)(x−Xi)
jYi. (14)

For p = 1, we get the local linear regression (LLR) estimator

m̂LLR(x) =
S2,n(x)T0,n(x)− S1,n(x)T1,n(x)

S2,n(x)S0,n(x)− S2
1,n(x)

, x ∈ R. (15)

Kernel based regression estimators can also be derived by noting that n−1T0,n(x)

is an estimator of m(x)fX(x). Thus, estimators of m(x) can be derived either by

multiplying n−1T0,n(x) with 1/f̂n(x) or by multiplying the terms in the sum n−1T0,n(x)

with 1/f̂n(Xi), where f̂n is an estimator of the density function fX (for examples, see

[8, 9]).

The first study considering kernel smoothing was [10], where kernel density estima-

tion was applied to a supervised classification problem. Other early kernel smoothing

studies include: one-dimensional density estimation in [11, 12], density estimation in

the multivariate case in [5], and regression function estimation in [6, 7]. The asymp-

totics of LLR in the one-dimensional case is studied in [13, 14] and the multivariate

case is considered in [15].
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4 Computational aspects

4.1 Data reduction

The evaluation of a nonparametric estimate at a single point, or at a small set of

points, is usually computationally feasible even for very large sample sizes. Problems

arise when an estimate needs to be evaluated thousands or millions of times. Such

situations occur for example in determination of the smoothing level through cross-

validation and in interactive visualization. One solution to the problem is to adopt

some data reduction technique which replaces the sample Z1, . . . , Zn ∈ Rk is replaced

with a smaller set of points Z̃1, . . . , Z̃m ∈ Rk. Data reduction is done either by choosing

a subset of points from the sample or by defining a totally new set of points. The

goal is to increase the computational efficiency while not losing much in estimation

accuracy. The choice of the subset of points can be random or it can be based on

some optimization criterion. Data reduction methods based on choosing a new set

of points include vector quantization [16] and clustering [17] algorithms. In kernel

smoothing, binning [18, 19] is a popular data reduction technique. For examples of

kernel estimators based on a subset of an original sample see [1, 20, 21].

4.2 Dimension reduction

Dimension reduction is used to overcome the phenomenon known as the curse of di-

mensionality [22], which in statistics refers to difficulty of estimation caused by the

sparseness of high dimensional data [3]. In kernel smoothing the curse of dimensional-

ity emerges as follows. A kernel estimate is based on a subset of sample points that fall

in a local neighborhood of the estimation point. When the dimension increases, the

data becomes more sparse and a larger neighborhood is required to include the same

number of points into the estimate. However, with a large neighborhood the estimate

is not local, which usually results in a large bias. In order to keep the estimate local a

larger sample size is required or alternatively the dimensionality of the data must be

reduced.

In its simplest form, also known as feature selection, dimension reduction is done by

selecting a subset of the original variables. In a more general form, popular for example

in pattern recognition, the data are first transformed by a mapping T : Rd → Rs, s ≤ d,

after which feature selection is performed on the new variables. The transformation

is chosen so that the new variables have some desired properties. The most common

transformations are linear, for example principal component analysis (PCA), where the

variance is maximized, and independent component analysis (ICA), where a measure
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of nongaussianity is maximized. Nonlinear transformations are often performed by

multidimensional scaling (MDS) [23, 24, 25]. A drawback in MDS is that no explicit

mapping is produced so that the methods cannot as such be applied to new sample

points.

4.3 Visualization of statistical data

Visualization of statistical data is an important field of computational statistics. Ba-

sically, visualization is used to get a picture of the data, to see how the data are

distributed. The nature of such studies is usually exploratory: visualization is used to

suggest new hypotheses which are then studied further by other statistical methods.

Although today’s computers allow the use of very sophisticated and computationally

demanding graphical displays, visualization in itself, of course, is not a new idea. His-

tograms, Q-Q plots, and scatter plots are examples of traditional techniques [26]. The

visualization of one- and two-dimensional statistical data is in fact often effectively

done with histograms and scatter plots. A good picture of a three dimensional data

set is obtained by viewing its various two-dimensional projections using scatter plots.

In higher dimensional situations promising approaches include techniques like the

color histogram [27], the data image [28], and the parallel coordinates plot [27], which

all allow two dimensional graphical displays of data of arbitrary dimensionality. The

above methods can be made even more efficient by applying a rotation transformation

on the data and/or by sorting the samples. For example, in the analysis of microarray

data typically both the sample points and the variables are sorted by a hierarchical

clustering algorithm and the result is displayed using the data image [28, 29]. Figure

1a in Paper V is an example of the data image applied to a sorted data set. The grand

tour method [30, 31] is an example of a systematic way to go through essentially all

possible data rotations (see the supplementary information of Paper V).

An alternative approach is to first apply dimension reduction and then use a graph-

ical display technique in a lower dimensional space. In behavioral sciences a popular

method is to use scatter plots to visualize features resulting from multidimensional

scaling [23], see Figure 2 in Paper V.

Huge sample sizes can blur the graphical display of an otherwise effective visualiza-

tion technique. For example, in a scatter plot and in a parallel coordinates plot huge

data sets result in overplotting, and in a data image plot details are lost as they merge

into overall patterns. By applying data reduction a visually more effective result can

be obtained. The self-organizing map (SOM) [32] is an example of a technique which

performs both data reduction and dimension reduction and enables a two-dimensional
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graphical interpretation of the result.

5 Article summaries

5.1 Paper I, On the estimation error in binned local linear

regression

The effect of binning on the estimation accuracy of the local linear regression (LLR)

estimator (15) is studied. Let (X1, Y1)T . . . , (Xn, Yn)T ∈ R×R, be a sample generated

according to the random model (6). In binning the prediction space R is first divided

into equally spaced disjoint bins

Bµ = [(µ− 1/2)δ, (µ+ 1/2)δ[, µ ∈ Z, (16)

where δ > 0 and δµ are the width and the center of the bin Bµ, respectively. Then a

binned data set is produced by rounding the sample points X1 . . . , Xn to bin centers

according to some binning rule. The simplest rule, which is also used in this paper,

replaces each data point Xi by its nearest bin center δµ.

The bin count and the bin sum are defined as

cµ =
n∑

i=1

1(Xi ∈ Bµ), (17)

Y Σ
µ =

n∑

i=1

Yi1(Xi ∈ Bµ), (18)

respectively. The binned version of LLR is then defined by replacing the quantities

(13) and (14) in (15) by the corresponding binned quantities

S̄j,n(x) =
∑

µ

Kh(x− δµ)(x− δµ)jcµ, (19)

T̄j,n(x) =
∑

µ

Kh(x− δµ)(x− δµ)jY Σ
µ . (20)

Note, that only nonempty bins contribute to the µ-sums and there are at most n

nonempty bins. Increasing δ reduces the number of nonempty bins, which results in

the reduction of the computational complexity of the estimator. However, at the same

time estimation accuracy deteriorates.

The first theorem in the paper states that taking the ratio δ/h as constant in the

binned LLR is sufficient for consistency as measured by the MSE and the MISE. This
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result is perhaps a little surprising as it has been shown that in density estimation the

stronger condition δ/h→ 0 is necessary for consistency [33].

In the second theorem an asymptotic expansion of the MSE and the MISE are

derived for the binned LLR under the condition δ2/h→ 0. The expansion is identical

to that of the standard LLR [13].

Simulation studies with different constant ratios δ/h suggest that although esti-

mates calculated using the binned LLR with a fixed ratio δ/h differ from those ob-

tained using the standard LLR, their estimation performance is similar. Based on the

simulation studies a rule of thumb to choose an appropriate bin width δ is given.

5.2 Paper II, Radial basis function classification as computa-

tional efficient regression

A radial basis function approach is adopted to reduce the computational complexity

of the multidimensional LLR (15). Let (XT
1 , Y1)T . . . , (XT

n , Yn)T ∈ Rd × R, be a sam-

ple generated according to the random model (6). In multidimensional LLR, at each

estimation point a separate d-dimensional hyperplane is fitted by solving the mini-

mization problem (11). The computational burden can be made lighter by adopting

some data reduction technique. Binning based on a regular partition of the prediction

space Rd works only in low dimensions and in higher dimensions some adaptive ap-

proach should be used [33]. In this paper LLR is replaced with a computationally less

complex estimator [34]

rn(x) =
M∑

k=1

(ak + bTk (x−mk))wk(x), x ∈ Rd, (21)

where the mk’s denote reduced data points called centers, ak’s and bk’s define the

corresponding hyperyplanes and the weighted functions

wk(x) =
Khk(x−mk)∑M
l=1 Khl(x−ml)

(22)

are normalized kernels with smoothing parameters hk. The idea is to take M << n

and then to choose the parameters ak, bk,mk, and hk to minimize

M∑

k=1

n∑

i=1

[(rn(Xi)− Yi]2. (23)

Note, that only one minimization problem needs to be solved which contrasts with solv-

ing a separate problem at each estimation point in LLR. However, the minimization

19



problem is now nonlinear, which makes the problem harder. After solving the mini-

mization problem the estimator (21) is computationally efficient since the sum contains

only M terms. In the paper this approach is successfully applied to two very differ-

ent pattern recognition tasks. One task consists of 64-dimensional features originating

from 10 classes, where the data within each class is roughly normally distributed. The

second data set consists of only 5-dimensional features from two classes but the distri-

bution of the data within each class is very complex (see Figure 4 in Paper II). In both

cases algorithms are derived to solve the nonlinear minimization problem.

5.3 Paper III, A semiparametric density estimation approach

to pattern classification

An alternative to dimension reduction in density estimation is considered. As men-

tioned in Section 4.2 dimension reduction in pattern recognition is typically done in

two steps: first new variables are constructed by applying a transformation to the data

and then the variables useful in discrimination are selected. In the proposed approach

the transformation step is followed by a splitting step: the transformed random vector

U = T (X) ∈ Rd is split as U = (V,W ), where V ∈ Rs and W ∈ Rd−s, with 1 < s < d.

Thus, the density function of U can be factored as fU(x) = fV (v)fW |V=v(w), where

u = (v, w) ∈ Rd. The transformation T is chosen with the following goal in mind: The

complex nonparametric structure should be captured in the random vector V and the

uninteresting structure, hopefully conditionally normal, in the random vector W . The

kernel density estimator (10) is then used to estimate the density function fV and the

conditional density function fW |V=v is estimated with a multivariate normal density

function. Possible transformations include the principal component analysis (PCA)

and the independent component analysis (ICA), which both attempt to find the po-

tentially interesting directions in the data. After transforming the data, the interesting

variables are indicated by high variability in PCA and by nongaussianity in ICA. In

the paper the above method is applied to several pattern recognition tasks. Also, the

use of a separate transformation for each class density function estimate is considered.

To enable the implementation of the Bayes classifier the density function estimates of

the original variables are calculated as

f̂X(x) = |JT (x)|f̂U(T (x)), x ∈ Rd, (24)

where JT (x) is the Jacobian of T .

Both simulated and real data sets are used to demonstrate the usefulness of the

method. The results suggest that the proposed method can utilize information which

in a traditional dimension reduction approach would be discarded.
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5.4 Paper IV, A note on estimating the posterior density of a

quantitative trait locus from a Markov chain Monte Carlo

sample

In linkage analysis the goal is to link loci, positions in the genome, to a phenotype,

i.e., an observable trait. The data consist of phenotype measurements and marker

data (that is, genotype measurements at the chosen loci). Based on the data and on

biological principles, the loci that are linked to the phenotype are localized on the

marker map. Such a locus is called a quantitative trait locus (QTL).

In Bayesian approaches to linkage analysis Markov chain Monte Carlo (MCMC)

methods are used to generate dependent samples from the unknown posterior distribu-

tion of a QTL [35]. Traditionally, in order to produce a maximum posterior estimate,

the sample distribution is studied using the histogram. It is well known [3, 36], that

the use of a histogram can be problematic since both the width of the bins and starting

point of the bins affect the outcome.

The paper proposes to replace the histogram with the more efficient kernel density

estimator (KDE). In KDE the problem of choosing the starting point of the bins disap-

pears. Simulation studies are used to compare the histogram to the KDE. The results

indicate that by using KDE more consistent estimates of the modes are obtained. It

is recommended that the choice of the smoothing parameter be done by visual inspec-

tion of the estimate with various smoothing parameter values. Also, any additional

information on the number of QTLs should be used.

5.5 Paper V, Three family clusters of neuropsychological per-

formance in a sample of multiply affected families with

schizophrenia

A clustering study on families with members suffering from schizophrenia is performed.

In linkage analysis the phenotyping of a subject is usually based on a physician’s

diagnosis. Such categorical phenotypes have not proven to be very effective in the gene

search of this complex disorder. It has been suggested that cognitive deficits found in

schizophrenia patients and, to a lesser degree, also in their unaffected family members,

may be valid endophenotypic traits for schizophrenia. Being quantitative variables,

they may be more effective in genetic analyses than the diagnoses. The object of this

study is to use such endophenotypic trait variables in clustering families with at least

one member suffering from schizophrenia. The clustering procedure is expected to yield

genetically homogeneous groups for the use of subsequent genetic analyses.
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The families are clustered by a hierarchical clustering algorithm, where first each

family forms an initial cluster and then step by step the two nearest clusters are merged.

This is continued until the desired number of clusters is achieved. The distance between

two clusters is measured as the maximum pairwise distance between the individuals in

the two clusters. An interactive visualization technique is developed to visualize the

clustering process and to determine the final number of clusters. The clustering result

is validated by comparing the value of a test statistic of the cluster result to the values

achieved from random partitions. Also, a linear mixed effects model, with family as a

random effect and age and sex as fixed effects, is used.

The analysis produced three separate family cluster, consisting of families whose

test performances were good, impaired and intermediate, respectively.
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