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OPTIMAL DESIGN AND ADAPTIVE DESIGN
IN STEREOLOGY

Wei Zhang, PhD

University of Pittsburgh, 2009

Stereology is the science that uses geometric probability to extract the internal quantitative
properties of a three dimensional object based on lower dimensional information. It is a
valuable research tool in biological science and relies heavily on statistical principles. In this
dissertation, we focus on studies that examine the number of neurons in a brain region of
interest using stereological techniques in order to compare subjects in different diagnostic
groups, e. g., subjects with schizophrenia and control subjects. A large number of counting
frames are usually used to obtain a prespecified precision for an individual in these kinds
of studies. Typically, researchers determine the number of counting frames for each indi-
vidual by controlling the coefficient of error for the individual. However, the researchers
from the Conte Center for the Neuroscience of Mental Disorders (CCNMD) at University of
Pittsburgh primarily focus on comparing biomarkers among different diagnosis groups rather
than evaluating individuals. A design goal for such stereological studies is to keep study cost
within budget and time constraints, while maintaining sufficient statistical power to address
the research aims. Statistical power can be increased by either adding more subjects or
more counting frames. And the cost of a study can be approximated by a linear combination
of the number of subjects and number of counting frames. To address this need, we have
developed new technologies that enable researchers to design a cost efficient study balancing

the number of subjects with the number of counting frames for each subject.

We also develop adaptive designs to conduct stereological studies. Adaptive designs allow

the opportunity to look at the data at an interim stage, and to modify the design based on

v



the information obtained from the first stage data. In our adaptive design, we estimate
the stereological variance without breaking the blind of the Stage I data, and re-design the
second stage based on the stereological variance estimator obtained from the first stage.
Based on our procedure, we show researchers can cost-effectively modify the design while

maintaining the desired study power.
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1.0 INTRODUCTION

Psychiatrists and neuroscientists devote a considerable amount of effort to explore how bio-
logical structures in various brain regions of persons with mental diseases differ from those
in normal individuals. Studies in animals may also be used to detect the effects of phar-
macologic treatments on various types of brain cells in particular regions. Neuroscientists
in the Department of Psychiatry at the University of Pittsburgh often use post-mortem
tissue samples from the Brain Bank Core of the Conte Center for the Neuroscience of Men-
tal Disorder (CCNMD) to assess biological alterations in subjects with schizophrenia (e.g.,
Dorph-Petersen et al. (2007)), or to understand the neuropharmacologic effects of treatment
by performing animals studies (i.e., Konopaske et al. (2007), (2008)). The neurobiological
measurements, such as the number of particular type of neurons or cells, the volume of brain
regions and the density of specific cell types, are often the main focus of these studies. In this
dissertation, we concentrate on studies that examine the number of neurons in particular
brain regions. Neuron number (N) is an important indicator of neurobiological alterations
in schizophrenia. A pathologic manifestation of schizophrenia appears to be reflected in the
reduction of the number of functional neurons in particular cortical regions. For example,
subjects with schizophrenia show deficits in visual perception and one of CCNMD studies
(Dorph-Petersen et al. 2007) found a substantial reduction in neuron number of the primary
visual cortex in the postmortem tissue from subjects with schizophrenia.

It would be an intractable task to physically count all the neurons of interest for a subject
in these types of studies. For example, there are about 2 ~ 5 million neurons in the human
primary visual cortex (Dorph-Petersen et al. (2007)). Therefore, it is necessary to sample
tissue specimens to estimate the neuron number for an individual subject. Usually, the brain

regions to be analyzed are cut into sections in a systematic, uniformly random way, and



then, counting frames within each section are also collected in a uniformly systematic way.
Stereological techniques are applied to estimate the number of particular type of neurons
or cells (NV) in the brain region of interest for a subject using the chosen sampling scheme.
Stereology uses geometric probability to extract the internal quantitative properties of a
three dimensional object based on lower dimensional information. In particular, stereological
procedures provide the mathematical and statistical framework for developing techniques and
methodologies for constructing estimates of various biological quantities (Jensen (1987)).
Unbiasedness considerations for stereological estimators were studied and discussed by Miles
and Davy (1976), Cruz-Orive (1980), Cruz-Orive and Weibel (1981), Jensen and Sunberg
(1986) and Jensen (1987). But to evaluate the precision of a stereological estimator when
the sampling scheme, as is typical, is based on uniform systematic samples is a complex

problem. There is no simple and exact formula for the stereological variance.

According to the typically used double systematic sampling scheme, the stereological
variance can be decomposed into two parts, between sections variance and within section
variance. The first part of the stereological variance depends on a covariogram function
which is defined by the true distribution of the neuron number in the region of interest.
Gundersen and Jensen (1987), Gundersen et al. (1999) gave two estimators of between sec-
tions variance based on two assumed simple forms of the covariogram. Determination of
the second part of the stereological variance depends on a two dimensional version of the
covarigram which is very difficult to obtain due to the irregularly shaped sections and insuffi-
cient information. In order to obtain an approximation of the second part of the stereological
variance, different procedures have been developed. In Cruz-Orive and Geiser (2004), the

authors suggest a Poisson model to fit stereological data.

From 2005 to 2007, Dr. Konopaske performed a series of studies (i.e., Konopaske et al.
(2007), (2008)) on chronic exposure of macaque monkeys with two antipsychotic treatments
to assess whether or not treatment with antipsychotic medication contributes to the distur-
bances in the number of neurons, glial cells and subtypes of glial cells in individuals with
schizophrenia. There were 18 male macaque monkeys (4.5-5.3 years of age) which were di-
vided into 3 experimental groups (n = 6 per group). Two experimental groups were treated

for 27 months with either haloperidol or olanzapine, and a third was given a sham treatment.



Haloperidol is an antipsychotic medication that has been used for more than 50 years, while
olanzapine is a fairly new atypical antipsychotic. For each of several studies, Dr. Konopaske
and his colleagues spent a number of months collecting the data. In these studies, the sample
tissues are ready for use; however, they need to decide how much effort they should put in

measuring each subject before beginning a study.

In this dissertation, we further develop the statistical theory behind the current variance
estimator of Cruz-Orive and Geiser (2004) (Sections 2.2 and 2.3). Using the data that formed
the basis for the analysis in Konopaske et al. (2007), we illustrate the methodology (Section
2.4). We then show that the validity of the Poisson assumption of Cruz-Orive and Geiser
(2004) is questionable. The Poisson assumption may be appropriate for some cases but,
as we show, the Konopaske data indicates evidence of overdispersion relative to the Poisson
distribution (Section 2.4). This overdispersion of the data motivates us to find another model
which fits the data better. In our research, we investigate a special Cox process, called the
Ammeter process, to obtain a more accurate estimate of the stereological variance (Section
2.5). Basically, the Ammeter process is a Poisson process on R! where the parameter \ is a
random parameter instead of a constant. To apply the idea of the Ammeter process to the
stereology setting, we extend the Ammeter process to a two-dimensional version to the tissue
section data to take into account the sampling features of stereology. Based on the Ammeter
process and the estimators of between section variance given by Gundersen and Jensen (1987)
and Gundersen et al. (1999), we obtain a new estimator of the stereological variance (Section
2.5). Then we use the maximum likelihood estimates (MLE) of the Ammeter process model
parameters to derive an improved stereological variance for the Konopaske data. In addition,
as a possible alternative approach to estimate the stereological variance, we briefly consider
a Bootstrap approach (Section 2.6). The stereological variance estimators obtained by the

Cruz-Orive and Geiser method and our two new approaches are compared in Section 2.7.

In Chapter 3, we focus on designing a stereological study, where one of the important
considerations is to select the appropriate number of subjects and number of sampling frames.
In a stereological study, researchers generally decide on the number of sampling frames that
are needed for each subject by what is required to precisely estimate the quantity of interest

for each tissue specimen for a given subject. They do so by controlling the coefficient of



error (CE = standard deviation / mean) of the stereological estimate of (A) based on each
individual subject’s tissue sample. In Konopaske et al. (2007), about 1600 counting frames
were used for each animal and this took several months of work to prepare and observe
all the sampling frames using a microscope. For a setting where it is clinically required to
obtain the best estimate of a particular value for a given subject, it is reasonable to focus
on this level of accuracy. However, for studies designed for CCNMD, the interest is more
focused on comparing the biological measurements among different population groups. In the
statistical context, the aim of an experimental design is to ensure that comparisons among
the different populations are unbiased and, moreover, as precise and powerful as possible

given the experimental cost and time constraints.

Our ultimate goal is to develop a procedure for planning a cost efficient stereological
study. Statistical power can be increased by either adding more subjects or more sampling
frames. The cost of a study can be approximated by a linear combination of the number of
subjects and the number of sampling frames (Section 3.1.1). In our research, we consider
designs with a fixed power, and obtain an algorithm to find the the number of subjects and
the number of sampling frames that minimize the cost function (Section 3.1.3.1). Another
approach we obtain considers a fixed cost budget, and we provide the combination of subjects
and sampling frames that provide the maximum statistical power (Section 3.1.3.2). Because a
fairly standard CCNMD design is to use matched pairs, we simplify our power considerations
by examining in detail the paired t-test. In addition, one needs to consider the effect of

unequal stereological variances among groups under the alternative hypothesis.

To design a stereological study, we require the information about the magnitude of the
true stereological variance. However, as shown in Chapter 2, the stereological variance
depends on the shape of the region of interest and also on the neuron density. It is usually
difficult to prespecify the stereological variance before undertaking a study which focuses
on a particular type of neuron. To avoid inefficient use of the resources, we apply adaptive
design in the stereological studies to choose the optimal numbers of sampling frames to
maintain power and keep certain costs as low as possible. In Chapter 4, we first review some
existing literature on the topic of both blinded and unblinded adaptive designs (Proschan
and Hunsberger (1995), Gould and Shih (1998), Kieser and Friede (2001), Shun (2001) and



Liu and Chi (2001)).

We use the approach of blinded adaptive procedures for stereological studies. Specifically,
in our adaptive approach, we only estimate the stereological variance without breaking the
blind of the Stage I data. We develop an approach that at the end of Stage I allows us
to update the assumptions about the stereological variance that were used in the planning
stage. In the setting, we consider the number of subjects is fixed, and we don’t stop the
study earlier. Based on the updated stereological variance, we change the number of counting
frames to be used in Stage II while maintaining the power. Because stereological variance of
the second stage differs from the first stage whenever the number of sampling frames changes
in Stage II, the statistical procedure used to test group effect needs to be handled with care.
In Section 4.3.5 we obtain an adjusted t¢-statistic to use for hypothesis testing at the end of

the study. We use simulation to show that the type I error rate of our procedure is protected.



2.0 STEREOLOGICAL ESTIMATE AND VARIANCE

Stereological methods extract the internal quantitative information of a three dimensional
object based on lower dimensional information. Stereology relies heavily on statistical princi-
ples, especially random sampling and sampling inference (Baddeley and Vedel Jensen (2005)).
In performing an experiment involving tissue sampling using tissue stereological techniques,
researchers usually decide on the number of sampling frames that are needed based on what
is required to precisely estimate the quantity of interest. The coefficient of error (CE =
standard deviation / mean) of the stereological estimate for the quantity of interest based
on a tissue sample is usually controlled to be about 5%. This criterion apparently grew
from the desire to estimate with precision the desired quantitative information for a specific
individual or patient. This has been carried over in studies which compare parameters based
upon samples from different populations. By this CE criterion, thousands of sampling frames
may be required for each individual, which can require researchers to do a large amount of
work requiring the use of programmable microscopes. For example, Dr. Konopaske per-
formed a series of studies in the Lewis lab from 2005 to 2007. He spent about four months
collecting data which consisted of about 25,000 observations (sampling frames) of cell types
in the 18 monkeys that were in each study. One of the studies that was completed in 2005 is
discussed in Section 2.4 in detail. The main goal of these studies in the CCNMD is always
to detect the possible neurobiological difference or the treatment effect between groups of
interest, which means that statistical inference about the population is more important than
the inference about an individual. More specifically, the subject to subject variability of the
primary outcome tends to be more important than the individual subject’s measurement
variability when we power stereological studies.

To do experimental design, we obviously need to connect the study power with the



stereological variability and the biological variability. To better understand the stereological

variability, we consider and evaluate stereological techniques carefully in this chapter.

2.1 STEREOLOGICAL SAMPLING AND STEREOLOGICAL
ESTIMATION FOR COUNTING

It is a well known fact that there are about a hundred billion neurons in a human brain.
Therefore, it is impossible to physically count all the neurons of a particular type in a region
of interest. It is necessary to sample tissues to estimate the number of neurons. Only
comparatively very small pieces of tissue can be observed. One of the standard sampling
schemes commonly used in stereology to count neurons or other cells within a region is
uniformly systematic sampling, which proceeds in multiple stages. A brain region of interest
with length L is exhaustively divided to M sections with thickness % and m sections are
selected for the study. The location of the initial section related to the one end of the brain
region can for technical cutting reasons be viewed as having a uniform distribution on [0,
ﬁ) The first sampled section is chosen from the first % sections with equal probability. For
simplicity, we assume M is an integer multiple of m. We further assume X; to be the position
of the first selected section relative to the one end of the brain region, and X; = X;+(j—1) %,
Jj =2, ..., m, to be the positions of the remaining m — 1 sections selected by systematic
sampling. Considering the inherent randomness of where the tissue of interest actually begins
in the first section physically cut, and the independently chosen the first sampled section,
the position of the first selected sample section can be viewed as uniformly randomly chosen
between 0 and £, that is, X; ~ U[0, £), and X; = X1+ (j —1)£, j =2, ..., m. The section
sampling fraction (7,) which is sampled using systematic sampling, is §;. In Figure 2.1, the
ellipse in the left graph represents a three dimensional region of interest intersected by a
series of systematic uniform random cutting planes, represented by a set of lines. The graph
on the left represents a series of selected sections which are the grey stripes inside the ellipse.

The darkened regions in the right hand graph (Schmitz and Hof (2007)) are the brain region

of interest. In this example, a total of 50 sections (M = 50) were cut, and 10 sections (m =



10) were systematically selected. The first selected systematic sampling section is at % and

then every fifth section (75, = 1/5) subsequently.
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Figure 2.1:  Section Sampling Fraction 75 = 1}

Second, a rectangular lattice grid, which has a fixed distance between cross lines called
the u-step (a,) and the v-step (a,), is randomly superimposed on each section. The same
u-step and v-step distances are used for all the sections within each individual. Within each
rectangular grid a smaller rectangle is that the number of particles can be obtained for that
smaller piece of tissue. This is done because the larger rectangular grid may include too
many cells to measure. Oftentimes, one chooses this smaller rectangular frame, which is
called the counting frame, to be the upper left corner of the rectangular grid, but in fact
it can be any consistent area within the rectangular grid. The physical frame examined
actually has depth and has a “cubic” structure, that is, it’s three dimensional. The size of
the rectangle is related to the area sampling fraction to be described shortly. The number
of rectangular grids determines the number of counting frames that can be obtained from
that tissue cross-section. Clearly, depending on the area of the cross-section, the numbers
of counting frames may differ from section to section. Furthermore, for a given section,
changing a, and a, will also change the number of counting frames. For each section j,
we define a random vector (Uy;, Vi) as follows. Find the leftmost rectangular grid entirely
within the cross section. If two or more such rectangular grids exist, choose the uppermost.
For this specific grid, let U;; be the distance from the upper left corner to the tissue edge

moving along the wu-direction, and Vj; be the same in the v-direction. Then the counting



frame for that grid is the upper-left smaller square, and all other counting frames are chosen
within any rectangular grid, as long as the upper left hand corner of the counting frame
remains within the tissue cross section. The set of upper-most left hand corners of these

counting frames is given by
P; = {(Uyj + kay, Vij + lay) : (Uyj + kay, Vi +la,) € R; k1l € Z}

where R; is the range of the j section, for j = 1,--- ,m. The position (Uy;, Vi;) determines
[ oy | | 7

\counting frame

Figure 2.2:  Area Sampling Fraction 7, = a%/(ay - ay)

the position of the entire grid P; in the 5 section. Note that by construction, Uy;, V;; can be
considered to be uniformly randomly selected within [0, a,) x [0, a,). The initial quantities
Ui; and Vy; for each tissue cross-section are chosen independently of each other and the
position of the first selected section X;. More specifically, (U1, V1), -+, (Ui m, Vim)| X1 =
x are conditionally i.i.d. according to (U,V) ~ Unif([0,a,) % [0,a,)) for any z. Hence
(U1, Vi1), -+, (U1 m, Vim) are independent of X;. The little black square in Figure 2.2
illustrates a counting frame with length a; is chosen at the upper left corner of each rectangle,
and as noted is the specific tissue observed under the microscope. The area of the counting
frame is fixed and the area associated with each u, v step (a, multiplied by a,) is also

given. The area sampling fraction (7,) of this systematic sample can then be calculated as



a}/(ayay), and it is the same among all sections within each individual. Figure 2.2 gives
a two dimensional version of a cross-section with counting frames illustrated, and counting
frames selected within each cross-section is a two dimensional systematic random sampling.

Third, to allow unbiased counting rules based on the thick sections with thickness £, a

M
smaller thickness h is examined in detail where h < ﬁ . The height of the counting frame is
assumed known relative to the thickness of the sections. The height sampling fraction (7,)
can then be calculated as h/ % The numbers of particular type of neurons or cells within

the selected counting frame between X; and X; + h are recorded. Figure 2.3 illustrates a

three dimensional version of a rectangle and a counting frame in Figure 2.2.

Counting frame
© 7
¥ oF suface £
o 1 h E
0 L pfhdi W
- 7<
& Bottam suface
dy —

a

a

oy =

Figure 2.3: Hewght Sampling Fraction 1, = h/ﬁ

The micrograph in Figure 2.4 is from a study of the neuron number in the primary
visual cortex conducted by Dorph-Petersen et al. (2007). An image of a typical counting
frame is shown with a solid (red) exclusion line and a dotted (green) inclusion line. A
neuron is counted if: (1) its nucleolus is in focus fully or partially inside the counting frame
without touching the exclusion line, and (2) its nucleolus is fully or partially below the top
surface without touching the bottom surface. As shown in Figure 2.4, there are six typical
magnocellular neurons in total. The darker spot marked by “T ” within the neuron is the
nucleolus. In this micrograph, the two neurons in the middle with label “*¥” are counted.

The overall fraction of the brain region sampled from these three sampling fractions is
Ts - Ta * Th. The number of a particular type of neurons within a counting frame can be

obtained, using a programmable microscope for sampling and visualization of the particular

10



neurons of interest. Let (); denote the total number of neurons actually counted by using
the microscope in the j* section of this selected random systematic sampling. The total
number of neurons actually counted in all of the counting frames is ) = Z;’;l ();. Then the

total number of neurons in the region is estimated directly from
N=—.—. —Q. (2.1)

N is called the fractionator estimator, and is a primary outcome of the stereological studies.
The estimator N can be shown to be an unbiased estimator of the true total number of
neurons N irrespective of tissue shrinkage or swelling that may occur when the tissue is

processed (Dorph-Petersen et al. (2001)).

N - Neurons, * - Counted, T - Nucleolus.

Figure 2.4: Image of a counting frame (Dorph-Petersen et al. (2007))

11



2.2 THE DIFFICULTY OF VARIANCE ESTIMATION

From the theory of systematic sampling (Cochran (1977)), it is known that it is impossible
to develop an unbiased estimate of the stereological variance based upon a single system-
atic sample. Since the variance of the fractionator estimator is important for the studies
concerning group differences of the neurobiological measurements, we would like to better
understand the stereological variance. Based on the stereological sampling described in the
previous section, we have two systematic samples for each tissue block: the random system-
atic section sampling and the random systematic area sampling within a section. Therefore,
the stereological variation is from these two sources, which are called the between sections
variation and the within section variation. The first component is due to the random choice
of the first section, i.e., choosing X7, while the second component is due to the random choice
of the position of the first counting frame on the v and v axis, i.e., choosing (Uy;, Vi;), 7 = 1,

..., m, under the random systematic sampling method.

We now consider the stereological variance problem in further detail. In general, the true
number of a particular type of neurons can be represented as an integral of neuron’s density

function s(x,u,v) in three-dimensions:

L
j\/’:/ {// s(x,u,v)dudv}dx, (2.2)
0 (u,v)ER(x)

where s(z,u,v) is a density function of a particular type of neuron over the section at z, and
R(x) is the range of cross section values of (U, V') at position x. To simplify the problem,

let us consider the problem of a one-dimension integral first,
L
N = / f(x)dz, (2.3)
0
where f(x) is a nonnegative measurement function over the interval [0, L],

f(z) = //(W)ER(SC) s(z, u, v)dudv. (2.4)

The function f(z) represents the number of neurons at position z. Let X; ~ U[0,%)

and X; = X1 + (j — 1)Z. Then, if we were to measure f(z) without error at each of
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X1, Xg, -+, X,,, an approximation of the integral would be given by

> FX G -5, (2.5)

Since

— N, (2.6)

N is an unbiased estimator of A" Let f(X; + (j — 1)£,Uy;,V3;) (which we abbreviate as
fj) be the estimator of the total number of neurons per unit of thickness at the section
determined by X; given both X; and (Uy;, Vi;) as the position of the first section and the

first counting frame, respectively. Thus, using the same argument as in Section 2.1, we have

. L 1

X1+ —1)—=, Uy, W) = m@p (2.7)

m
where @); is the total number of neurons actually counted in all counting frames within the

section between X; = X+ (j — 1)L and X;+h = X; + (j — 1) £ + h. Then the stereological

m
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estimate A in (2.1) can be denoted as,

o

SEES

I
S~ 3 g
M= 105
-
> <
O

Il
—

z\h|:| —

<
I
—

NE
<.,

(X1 + (- 1)%, Uij, Vij). (2.8)

<
Il
.

By a similar argument to that in (2.6), we can show that N is an unbiased estimator of AV

By the standard variance decomposition, the variance of N is,

var[N| = var| E(N)|X1] + E[var(N]X;)]

~ ] L
fXai+ (- 1)E’ Uyj, Vil Xq ]+

Slh
NgE

= var[F]
7=1
LN . , L
Elvar[— d Fxi+ (G- 1)—, Uy, Vi1 X]. (2.9)
]:
In (2.9),
L - LN . L
— X5, U, Vil Xa] = = E[f(X1 + ( — 1)=, Uy, Vi) | X4
m pra m = m

L
Z// 5(X1+(j—1)—,u,v)dUdU
(u, v)ER(X1+(j—1)T€L) m

J=

L

m

L <& L

:—Z (Xi+G-1)— )
=1

=N, (2.10)

so that the first term in the right hand side of (2.9) is var[N].
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The second term on the right hand side of (2.9) is

varlf(X, + (= ), Uy, Vig)lXa] (2100

S

Il
-

L m
Elvar —Z Ul])‘/lj NXa] = E[(

=}

Blvarlf(X, + (= 1) 2 0, Vi)lxa] (2100

I
S~

M 10

- (%)2 >~ Elvar{f(X: + (- 1)%,(], VX (2.100)
:(%)22 Evar[f(azljt(]—l)[/ UV (2.100)
Ly i
— var|f x U V)|x 2.10¢
- / 9y alda (2.100)
m/ var([f(z, U, V)|z]dx (2.10f)

where (2.10a) follows from f(X; + (j — 1)L, U,;,V1;) being independent of F(X+ (k-
1)%, Uik, Vik), j # k, for given X;. Since (Ui, Vi1),- -+, (Ui m, Vim) are i.i.d. according to
(U, V) ~Unif([0,a,) % [0,a,)), (2.10c) follows from the fact that the marginal distribution
of U, V|X does not depend on X. (2.10d) follows from the uniform distribution of Xi; and

(2.10e) follows from a change of variables.

Hence, combining (2.10) and (2.10f), we obtain
o = varlN / var|f(z,U,V)|z]dz, (2.11)
o

where we use o4 as the notation of the stereological variance of the stereological estimator
N , and where o1 and o449 are respectively the notation for the first and second component
terms of the stereological variance in (2.11). Note that the between-section variance gy
is the same as the variance of A'. The estimation of the between section variance can be
examined by considering the variation of approximating the integral of function f(z) over the
interval [0, L] using a systematic sample. To calculate this variance, usually the covariogram
function g (t) defined by (2.12) is introduced. The within section variance os is the integral
over X of the conditional variance of fj given X; = x and is determined by the shape of the

density function s(x,u,v) in the j section, j = 1,...,m. Note that this quantity depends
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on the conditional distribution of Uy;, V3;|X;. As we later discuss, to compute this variance
would require a notion of a two dimensional covarigram over a complex region, so other
approaches are needed. To be clear, even if we know the true value of f(X;), which means

the second term on the right hand side of (2.11) is zero, there is still variation in terms of

var|NJ.

To calculate the between section variance, var[N], we need the covariogram function

gs(t) defined as

L—t

o fle+t)f(x)de 0<t<L
0 otherwise.

the function g(t) reflects in some sense the correlation of the measurement function f

between two slices separated by a distance t.

Then var[N] is given by

var[N] = %9)‘(0) + 2% ng(l%) - 2/ 95(y)dy, (2.13)
=1 0

(see Correa (2001)).

A standard simplifying assumption is that g;(¢) has the form at® + bt + ¢, b < 0 (see
Gundersen and Jensen (1987)). Then it can be shown that

~ 1

varN| = (£

~(=)%. 2.14
HES (2.14)
Alternatively, if it is assumed that g¢(¢) has the form bst® + byt? + by (see Gundersen et al.

(1999)), then it can be shown that

var[N] = %(%)%3. (2.15)

We denote the variances in (2.14) and (2.15), respectively, by 0%, [N] and o%,,[N], both

of which can be viewed approximations of oy;. The standard approach is to approximate
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the covariogram function g;(t) at 0, £,2L ... (m —2)L by g;(t), where

I m—k

To estimate the coefficients a, b and ¢ in the quadratic function and to obtain an estimate

of o4, [N, the standard approach uses, the estimates of the first three covariogram terms

and solves
g}(()) =,
L L., - L
Iy a2 h(= ;
Gi0) = (P +0C0) e,
L L ~ L
77(2—) = 4a(—)* +2b(—) + ¢. 2.17
G1(20) = 4(2 + 2K + ¢ (217)
The solution for b can be obtained as
. 3g7(0) — 4gy (L) + gr (2%
j_ 30100 gf(Lm) 9s( m)7 (2.18)
oL
and hence, we estimate oy by
stl[ - 12 +Zf]f]+2 4ijf]+1 (2-19)
where fj = f(Xj, U1j7 ‘/1]), X] = Xl + (] — 1)%, and ] = 1, o,
Similarly, we can obtain the solution for b3 in (2.15) as
~  3g5(0) —4g5 () + 35 (2)
ba = m m 2.20
so that, we can also estimate o4 by
agtl[ 240 Zf + Zf]fj-ﬂ _4ijfj+1 (2-21)

where fj = f(Xj,Ulj,‘/lj), X] = Xl + (] — 1)%, and ] = 1, o,

We now consider in further detail the second term in the right hand side of the variance
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formula (2.11). Recall that

f(z) = // s(z, u,v)dudv, (2.22)
(u,v)ER(x)
so that

~

J(X5, 015, Vi )

- “w%z Z{k,l:(Ulj+(k—1)am,vlj+(l—1)ay)eRj}S(Xj’ Ui+ (k= Dag, Vi + (1 = Day),

j=1,...,m. (2.23)

Hence by extending the approximations underlying (2.5) and (2.6) to a two dimensional
systematic sample, we have that f(X;,Us;, Vi;) is an unbiased estimator of f(X;). From
the random systematic sample and the idea of the one dimensional covariogram we see that
the between section variation is a function of the density function s(x,u,v). To compute
var[f(X,+ (j — 1)L, Uy, V3;)|X1], we need a two-dimensional version of covariogram and a
method to deal with the problem of irregularly shaped sections. It is very difficult to work
with a two dimensional covariogram. Furthermore, to actually estimate the within section
variance, a bivariate polynomial would be needed to approximate the bivariate covarigram
in the spirit that Gundersen and Jensen (1987) and Gundersen et al. (1999) did for the

univariate case.
To avoid using the two dimensional version of the covariogram function g% (z,y), Cruz-
Orive and Geiser (2004) tried to make some simplifying assumptions on the neurons’ distri-

bution within the sections, which we discuss in the following section.

2.3 CRUZ-ORIVE AND GEISER’S STEREOLOGICAL VARIANCE
ESTIMATOR

Cruz-Orive and Geiser (2004) stated that no simple formula has been developed for the esti-
mator of the second component of the stereological variance. In fact, they note in their paper

that the estimation of the within section variance based on a two dimensional systematic
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sample was viewed by Cruz-Orive (1999) as an open problem. To avoid the problem of a two
dimension covariogram function applied on a irregularly shaped section, Cruz-Orive and
Geiser (2004) made the following approximation. Let n; be the number of counting frames
in the j™ section and Q). be the observed number of neurons in the k" counting frame of

the j™ section, k =1,...,n;, j =1,...,m, so that

j
Qj = Z Qjk (2.24)
k=1
is the total number of neurons observed in the j* section. Let
K=Y n, (2.25)
j=1

denote the total number of the counting frames in all sections.

They assume that given the first position of X7, the numbers of neurons in each counting
frame in the j™ section are i.i.d from a Poisson distribution with parameter Aj, ie., for
each j, that is Qx| X1,k = 1,--- ,n; ~"¢ Poisson();). As the counting frames all have
equal size, then Q;|X1,j = 1,---,m,~" Pojsson(n;)\;). Their assumption requires that

neurons follow a homogeneous process over the region of interest.

Since the Poisson distribution is independent of the location, this means @) is indepen-

dent of Uy; and Vj;.

Thus, within the j* section,

Uar[f(Xl + (J - 1)% Tghz

L 1 1 1
,Urj, Vij)|[ Xa] = —5var[Q;] = pT ;WT[QM:] = %RJ)‘J& (2.26)
so that the ML estimator of the variance is

SIS . L 1
var[f(X1+ (j — 1)% Urj, Vi) | Xa] = 3

Q. (2.27)

19



Hence, Cruz-Orive and Geiser (2004) obtained the following estimator of o2

o0 IP~_—; . L
Usctzo =2 - var[f(Xi+ (5 — 1)E7Ulj7vlj)|X1]
]:
I? 1 &
T 2 2h2 ZQJ
a ]:1
1
= ——q0). 2.28
TET(%T}?Q ( )

Combined with the between section variance estimator (2.19) or (2.21), Cruz-Orive and

Geiser then provided an estimate of the stereological variance ;.

2.4 MOTIVATING DATA

In 2005, Dr. Konopaske performed a study on chronic exposure of macaque monkeys with
two antipsychotic treatments to assess whether or not treatment with antipsychotic med-
ication contributes to the disturbances in the number of a particular type of cells, called
glial cells, previously observed in individuals with schizophrenia (Konopaske et al. (2007)).
In Konopaske’s study, there were 18 male macaque monkeys which had been divided into 3
experimental groups (n = 6 per group): haloperidol, olanzapine and sham, where the mon-
keys were matched across experimental groups as triples. Actually a more simplified cutting
scheme uses large slabs cut initially to make the small width sections cuts feasible and at
the same time produce sections which follow the model. For each monkey, the parietal lobe
was cut in a systematic, uniformly random manner producing 12 ~ 15 slabs (m = 12 ~ 15)
with a mean width of é = 2.5mm(= 2500pum). The thickness of a small width section is
80um. There are about 31 small width sections for each slab, which yield approximately 375
to 469 small width sections for the entire region when the sampled sections are viewed to
be exhaustively cut from the region. The section sampling fraction is 0.0320 (= 80,/2500).
The area of the counting frames is always kept as 219.7um?. The length of u-step (a,) and
v-step (ay), a, = a,, was kept constant within each monkey, but may differ across monkeys,

varying from 700 to 900 pm. Dr. Konopaske has kindly provided us access to the individual
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counting frame data from this study, where the number of glial cells was counted in each

counting frame.

Uneven shrinkage in section thickness can introduce biases when using the classical opti-
cal fractionators (West and Gundersen (1991)). However, such potential biases are eliminated
by using the optical fractionators based on a mean section thickness that is number-weighted
(tg) (Dorph-Petersen et al. (2001)). Mean section thickness is number-weighted as follows:
to = (00, 2ktinQir)/ (32, 2o Qjk) where tjy, is the local section thickness of the j** section
and k™ counting frame having a count of Q;. The height of the counting frame is fixed,

h = 8um. Total cell numbers were estimated as:

~ 1 1 1
- 0, (2.29)
Ts Ta Th
where the section sampling fraction (75) is 77, the area sampling fraction (7,) is - I, the

height sampling fraction (73,) is %, and () is the number of neurons counted in all sampled

counting frames.

We now apply the Cruz-Orive and Geiser (2004) method to estimate the stereological
variance, using monkey #256 as an example. For monkey #256, 12 sections and 1626
counting frames in total were sampled and these data are provided in Table 2.1. The length
of the u-step and v-step are 750 pum and the mean counting frame thickness is 32.5 um.
The fractions 75, 7, and 7, were 0.0320 (= 80/2500), 0.0004 (= 219.7/(750*750)) and 0.4065
(= 8/19.7), respectively. A total of 931 neurons were counted in all the sampled counting

frames, so that the estimated number of the glial cells in the parietal lobe by (2.29) was

L1011 1 1 1
N=——— = : : +931 =183.2 - 10°.
7w 9T 00320 00004 04065

Applying (2.21) and (2.28) to calculate the between and within section variance, respectively,

we obtain the stereological variance estimator for monkey #256 as

G = 6@ -Q -4 Z 0+ 5 Q@] + (0 = 36.5- 100

247'7'7' ToT
0 h =1 =1 TsTaTh

Table 2.1 gives the section data of monkey #256.

In this study, there were more than 30,000 counting frames collected over the 18 ani-
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Table 2.1:  Details for the Stereological Variance Formula: Monkey #256 (Konopaske et al.

(2007))

Section | n; Q; ? QiQj+1 | Q;jQj12
1 42 25 625

2 7 46 2116 1150

3 92 56 3136 2576 1400
4 89 38 1444 2128 1748
5} 95 44 1936 1672 2464
6 141 70 4900 3080 2660
7 181 85 7225 5950 3740
8 245 150 22500 12750 10500
9 218 145 21025 21750 12325
10 212 126 15876 18270 18900
11 177 107 11449 13482 15515
12 57 39 1521 4173 4914
Total 1626 931 93753 86981 74166
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mals. Of interest to us was to examine whether the necessary Poisson assumption is valid
to use Cruz-Orive and Geiser’s approximation for the stereological variance models holds.
To do this, we examined whether or not the Poisson assumption holds within each section
for all animals. As we show, our results indicate that the Poisson assumption seems not
to be appropriate. We considered typical examples of three monkeys, one from each group:
monkey #256 from olanzapine, #261 from sham and #263 from haloperidol group. In Table
2.2 for each monkey, the variables in the first three columns are: animal ID (ID), section
number (Section), and number of sampled counting frames for each section (n;). For each
corresponding section, the fourth to fifth columns are the sample mean Q; over counting
frames within that section, and the sample variance s? over counting frames of the number
of the glial cells for each corresponding section. The sixth column shows the ratio of the
variance to the mean (s? /Q;), which under the Poisson distribution assumption should be
approximately equal to 1.0. The variances within each section, however, are about 10-20
percent larger than the means. This suggests that the data have more variability within
each section than the Poisson distribution predicts. Additionally, Pearson x? goodness-of-fit
tests are used to check the Poisson assumption and the corresponding p-values obtained by
using Pearson x? goodness-of- fit for each section are listed in the last column (p-value) of
Table 2.2. The goodness-of-fit test shows that in about 50% of the sections the p-values are
less than 0.10. Thus, our analyses suggest that we would be underestimating the true vari-
ability by using the Cruz-Orive and Geiser method. This motivates us to seek an approach

to better fit the data.
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Table 2.2:

Validation of Poisson Assumption

ID Section | n; oF s? s? /Q; p-value
1 42 0.595 0.686 1.15 0.783
2 7 0.597 0.848 1.42 0.123
3 92 0.609 0.724 1.19 0.160
4 89 0.427 0.361 0.85 0.069
5) 95 0.463 0.421 0.91 0.384

256 6 141 0.497 0.780 1.23 0.031
7 181 0.470 0.650 1.39 0.010
8 245 0.612 0.755 1.23 0.012
9 218 0.665 0.887 1.33 0.483
10 212 0.594 0.754 1.27 0.022
11 177 0.605 0.899 1.49 0.011
12 o7 0.684 0.719 1.05 0.832
1 31 0.871 0.983 1.13 0.728
2 48 0.583 0.546 0.94 0.650
3 62 0.548 0.481 0.88 0.806
4 72 0.583 0.725 1.24 0.664
5) 81 0.457 0.726 1.59 0.015
6 103 0.621 0.904 1.46 0.023
7 124 0.589 0.832 1.41 0.029

261 8 176 0.534 0.799 1.50 0.014
9 230 0.504 0.522 1.03 0.075
10 169 0.521 0.549 1.05 0.968
11 239 0.557 0.718 1.29 0.001
12 152 0.599 0.811 1.36 0.061
13 88 0.659 0.664 1.01 0.415

Note, the p-values listed in the last column are obtained by using Pearson x? goodness-of- fit.
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ID Section | n; Q; s? s? /Q; p-value
1 12 0.500 0.455 0.91 0.818
2 50 0.360 0.398 1.11 0.711
3 71 0.592 0.617 1.04 0.736
4 86 0.372 0.425 1.14 0.355
) 110 0.473 0.490 1.04 0.928

263 6 144 0.583 0.720 1.23 0.028
7 156 0.615 0.754 1.23 0.005
8 146 0.699 1.053 1.51 0.092
9 185 0.578 0.713 1.23 0.133
10 299 0.448 0.517 1.15 0.199
11 195 0.564 0.660 1.17 0.071
12 116 0.509 0.896 1.76 0.006

Note, the p-values listed in the last column are obtained by using Pearson x? goodness-of- fit.

2.5 AMMETER PROCESS

Due to Konopaske’s data not conforming to the assumption of a Poisson point process, we
would like to find a stochastic point process that would more appropriately fit the data. Since
the counting frame data within sections are collected by a systematical sampling scheme,
ideally we would like to find a non-homogeneous Poisson process which is independent of the
location to avoid the use of two-dimensional covariogram; however, no such process exists.
Instead we suggest the use of a special Cox process which appears to fit the data better than

the Poisson.

A Cox process with a piecewise constant intensity, sometimes called an Ammeter process,
is a Poisson process where A is generated from a random variable instead of being constant
(see Grandell (1997)). Consider a one dimensional range of interest, and assume that there
are K fixed known mutually exclusive sub-range intervals L, La, ..., Lx. Let Ay, Ao, ..., Ag

be i.i.d from a common distribution U. Then the process given Ai, As, ..., Ag is a Poisson
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process for each sub-range where the process with intensity parameter A\, over the interval
Ly, that is,
)\(lf):)\k for telpk=1,... K. (230)

Denote E[A\z] by pa and var[\y] by 0%. An instance of the intensity process in the Ammeter

process is illustrated in Figure 2.5.

A

£ i) L3 L4 L

Figure 2.5:  [llustration of the Intensity in the Ammeter Process

For application to the tissue section data, we need to extend the Ammeter process
to a two dimensional version. For the range of interest, we assume that there are I x K
fixed known mutually exclusive square sub-ranges Ly, L1s, ..., L;x having common square
length £. Let A1, A2, ..., A\rx be i.i.d from a common distribution U. Then the process
given Aq1, A1o, . .., Arx is a two dimensional Poisson process for equal area size with intensity

parameter \;; over the square L;;, that is,
At) = \ig for te€Ly, i1=1,...,1 and k=1,... K. (2.31)

Denote E[A\i] by pa and var[\i] by o%.

If the grid length used under the microscope is approximately the same the common
square length £ in the Ammeter process, then each systematic sample falls within the square
[il, (i+1)L] x [kL, (k+1)L]. Moreover, this assumption is still valid, if £ is p times the grid

length where p is an arbitrary positive integer. With these assumptions we can recalculate
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the within section variances based on the Ammeter process assumption. Without these
assumptions, there is the possibility that the counting frame would fall across two or more
sub-ranges, vastly complicating the distribution theory. However, the ratio of the area of the
counting frames to the area of the rectangle is very small, which is about 1/2000, so there
is very little possibility that this happens. The estimate N of the number of neurons would

be given by the same formula as (2.1), and the estimate is an unbiased estimator of N.

To estimate the stereological variance, we calculate the between section variation by

(2.19) or (2.21), only change the calculation of the within section variation.

If we assume that P, the number of neurons counted in a counting frame, follows the
Ammeter process and the distribution of the intensity U is a Gamma distribution, then P
would follow a negative binomial (NB) distribution. The distribution of the resulting P can
be expressed in terms of a mean p and a dispersion parameter ¢, so that the probability of

observing ¢ neurons is

v Te+a), m g B
Pr(P=q) = JE0) (u+¢) (1+¢) 2 (2.32)

The variance of this NB distribution is p(1 + £). When ¢ — oo, the NB distribution
converges to a Poisson distribution. The maximum likelihood (ML) estimator i of u is the
sample mean, and the ML estimator gg of ¢ is determined by numerical maximization of the

profile log-likelihood function L(fi, ¢).

Under the Ammeter process assumption, if we assume that @), the observed values
within the counting frame, in the square L;;, of the ;% section follow a NB distribution with
parameters (f4;, $4;), then we have

var[ (X + ()~

1
,Urg, Vi) | Xa] = UC”“(Z m@jik)
ik @

1 HA;
a J

A

The MLE of pa; is >, Qjix/n; = Q;/n;. Combining the MLE of var[f(X1 + (j —
1)L, Uy;,Vi;)|X4] in (2.33) with the between section variance estimator (2.19) or (2.21), the
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stereological variance in (2.11) turns out to be

L? N ) L
Ust = Jstl + m2 U@T[f(Xl + (] - 1)_’ Ulj’ ‘/i])le]

= Os1 222 h2 jhag( qg
j=1 Aj

m

=01 + 55> E
s =1

). (2.34)
n] ¢AJ

The Ammeter based estimators of the variance are included in Table 2.3. In Section 2.7,
we compare these variances with the stereological variances obtained under several different

procedures.

2.6 BOOTSTRAP METHOD TO ESTIMATE THE STEREOLOGICAL
VARIANCE

The bootstrap method can be applied to estimate the stereological variance. Without any
distributional assumption, using section as a stratifying variable, independent bootstrap
samples can be selected within the sections based on sampling the counting frame counts
with replacement. It is clear that for homogenous processes and “partially” homogenous
process like Ammeter for neuron development that the bootstrap variance will tend to

overestimate the true variance derived based on the process.

For example, if we have 12 sections, with n; counting frames in the ;™ section, let
X = (211,212 - s T1mgs - L1215 - - -, T12.mp,) denote the counting frame level data, so that

zjx is the number of neurons counted in the j section of the k' counting frame. A boot-

strap sample, X* = (271,77 9,27 15+, Tla 1+ - s Tlap,,)s 18 chosen where a7, ... ' &5
are selected independently with replacement from {xjyl, e ,a:j,nj}, g =12,...,12. From
the bootstrap sample, we can accordingly estimate the total number N*. We then simu-
late B independent bootstrap samples X*', X*? ..., X*B and obtain stereological estimates

N N2 ,/\7 *B respectively. Then the within section variance of the stereological esti-
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mate of N (6B35) can be estimated by
655 = var[N™], (2.35)

where var[N*] is the sample variance of B stereological estimates. Combined with the
between section variance estimator (2.19) or (2.21), the estimated stereological variance in
(2.11) turns out to be

-~

655 = Gy + var[N™). (2.36)

2.7 COMPARING THE STEREOLOGICAL VARIANCE ESTIMATES

Using the Konopaske data, we compare the stereological variance estimates calculated by
the three different methods. Table 2.3 lists the results for each animal. The column G is
the first component of the stereological variance estimator based on (2.21). The columns
5559, 54) and 555 give the second component of the stereological variance estimator based
on the Cruz-Orive and Geiser assumption, Ammeter assumption and Bootstrap approach,

respectively. The column 5 ¢ is the sum of G4 and 65,°, which is the stereological

variance estimator by the Cruz-Orive and Geiser method. The next column 54 is the sum
of G and 743 which is the stereological variance estimator by the Ammeter method. The
last column 2% is the sum of 41 and 555, which is the stereological variance estimator by
the Bootstrap method. Note that when comparing between sections variation with within
sections variation, the between section variance estimator oy shows much less section-to-

section variability than within section variability as shown by the estimators 5, ¢, 54 or

o535, The literature indicates that treating random systematic samples as simple random
samples will overestimate the variability. Here, the Bootstrap method treats the counting
frames as simple random samples within sections, and the stereological variance seems to
be overestimated by the Bootstrap method perhaps because of the positive dependence
between counting frames within sections. On the other hand, as our analysis summarized

in Table 2.2 indicates, we believe that for the Konopaske data, the stereological variance is

underestimated by the Cruz-Orive and Geiser method. Note that the stereological variance
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estimators given by the Ammeter method are between these other two methods in most of
the cases. In Table 2.3, we also provide the stereological estimate, the total counted number
of neurons and the coefficient of error (under Cruz-Orive and Geiser assumption) for each

animal (Columns N, Q and CE, respectively).
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Table 2.3:  Comparison of Estimates of the Stereological Variance (Konopaske et al. (2007))

ID Triad | Group | N Q CE Ost1 05,0 | A | GBS 059 | gaAM | GBS
260 1 H 141.9 | 862 0.036 |24 23.3 27.2 27.6 25.7 29.6 29.9
273 2 H 121.1 | 525 0.044 | 0.1 28.0 32.2 33.0 28.0 32.3 33.1
257 3 H 132.1 661 0.040 1.3 26.4 30.7 35.1 27.7 32.0 36.4
266 4 H 170.6 | 805 0.037 | 3.9 36.2 42.8 43.8 40.1 46.7 47.7
270 5) H 125.1 | 607 0.041 | 0.6 25.8 30.7 32.0 26.4 31.3 32.6
263 6 H 169.9 | 842 0.035 |04 34.3 42.9 43.0 34.7 43.3 43.5
259 1 O 165.4 | 845 0.035 | 1.5 32.4 37.1 38.5 33.9 38.7 40.0
274 2 O 159.3 | 734 0.037 0.6 34.6 39.9 38.7 35.2 40.5 39.3
256 3 O 183.2 | 931 0.033 | 0.8 36.1 45.9 50.7 36.8 46.7 51.5
267 4 O 138.8 | 769 0.037 | 0.8 25.1 29.5 28.7 25.8 30.2 29.5
271 5) O 140.6 | 771 0.040 | 5.9 25.6 29.9 31.6 31.5 35.8 37.5
265 6 O 155.5 | 766 0.036 | 0.5 31.6 39.5 37.3 32.1 40.0 37.8
261 1 S 192.0 | 885 0.034 1.7 41.7 52.1 61.0 43.3 53.8 62.7
272 2 S 153.7 | 737 0.037 0.5 32.1 36.5 37.6 32.6 37.1 38.1
258 3 S 214.9 | 916 0.034 | 2.0 50.4 60.3 66.6 52.4 62.2 68.5
268 4 S 122.3 | 630 0.040 | 0.2 23.8 27.1 27.8 24.0 27.3 28.0
269 ) S 196.1 | 772 0.037 | 3.1 49.8 58.5 61.4 52.9 61.6 64.5
264 6 S 172.5 | 750 0.037 |14 39.7 49.1 49.9 41.1 50.5 51.3

Note: H, O and S denote for the haloperidol, olanzapine and sham group, respectively. The units for N is 10° and the units for G, 832_0, GAM GBS

6670, GAM GBS 4re 1012 in the Table 2.3.



Table 2.4 lists the summary statistics for the Konopaske data by groups. The biological
variance is estimated by subtracting the stereological variance from the average of group
variances. The stereological variance (by the Cruz-Orive and Geiser method) is estimated
by averaging columns 55, in Table 2.3 as 34.7. The estimated variance of the primary
experimental outcome, N , is based on the pooled variance, 620.7, (average of the three within
group variances). Hence, the average biological variance is 586.0 (= 620.7 - 34.7). We see
that the stereological variance is small relative to the biological variance. In implementing
experimental designs like this, researchers usually choose the number of counting frames
for each subject by controlling the coefficient of error (CE) of the stereological estimate
for each subject, in an attempt to assess each individual as precisely as possible. Usually,
they require the CE to be less than 5%. To meet this criterion for the monkey study, Dr.
Konopaske and his colleagues had to collect about 1600 counting frames for each animal.
If the number of counting frames could have been reduced, the research studies could have
saved several months’ laboratory work. This motivates us to consider in the next two sections
more efficient experiment designs which still maintain enough power to detect the treatment
effects of interest. For the biological experiments which test between groups differences,
usually the between-subject variation is larger than within subject variation mainly due to
stereological procedures. Thus a reasonable allocation of sampling effort is to sample a large
number of subjects and spend relatively little effort on measuring the data in each subject.
Gundersen and Osterby (1981) were aware of this reality and described it as “Do More, Less
Well”.

Table 2.4: Summary of Konopaske’s Data.

Group Number Mean Variance
Haloperidol 6 143.46 480.05
Olanzapine 6 157.14 273.24
Sham 6 175.30 1108.89
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3.0 OPTIMAL DESIGN

For obvious reasons of budgetary and time constraints, a goal of research in designing
post-mortem tissue stereological studies is to keep study cost within budget and time con-
straints while maintaining sufficient statistical power to address the research aims. While
the Konopaske study used tissue from a previous study, one could imagine designing a new
monkey study for the sole purpose of a study like Konopaske. For such a study, we note that
macaque monkeys are expensive study subjects, and that numerous labor hours could be
involved in creating and observing the counting frames from each animal. One could reduce
the cost of studies like this by decreasing either the number of subjects or the number of
counting frames for each subject. Increasing the number of counting frames yields more
precise estimates of the neuron number for each animal, and hence increases study powers.
One trade-off would be to reduce the number of subjects, and then add counting frames for
each subject in order to maintain the study power. Alternatively, one could increase the
numbers of subjects and reduce the numbers of counting frames per subject to maintain
power. There appears to be little written in the stereology literature about how to select the
combination of sample size and numbers of counting frames for stereological study designs.
The purpose of this chapter is to create a framework for finding the combination of sample
size and number of counting frames that will not only maintain sufficient power to address
research aim but also minimize the cost of the study.

There is established methodology for general repeated measure designs which deal with
optimal trade-offs between sampling units and replicates for each sample. (For instance, see
Liu and Liang (1992), Mentre et al. (1997), Vickers (2003)). Most of this work focuses on
the covariance structure of the repeated measures. However, this literature is not directly

applicable to the stereological problem due to several specific difficulties that become ap-
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parent as we describe our research. In stereological studies dealing with counting, the first
component of the stereological variance is always unchanged, so that one thing we can do
to maintain power is to change the number of counting frames in order to adjust the within
section variance. Also, we need to take into account the possibility that the stereological

variances are different between groups.

3.1 MATHEMATICAL APPROACH

3.1.1 Cost Function and Power Function

We begin by using the idea of some standard designs employed in the CCNMD, where
we want to compare two groups by using a simple linear model for testing, which for power
considerations can be well approximated by a paired t test. In order to control for covariates,
in human studies for example, each experimental subject and corresponding control subject
are matched by covariates, such as age at death, gender, post-mortem interval and brain pH
value. Pairing also helps to reduce variability due to tissue processing designs, a topic we
don’t discuss further here. A consideration of experimental design takes into account the
stereological variance. Using the results described in Chapter 2 concerning the stereological
variance, we discuss in Section 3.1.2 the amount of increase in the stereological variance
caused by decreasing the number of counting frames. Then taking into account the subject-
to-subject biological variability, we introduce in this section a linear cost function and also a
power function, both of which depend on the number of subjects and the number of counting

frames.

We consider a paired analysis to compare the difference of the number of neurons between
two groups, control and treatment (or experimental). Let N be the number of pairs used
in the study and K be the number of counting frames collected for each subject, assuming

each subject has the same number of counting frames. We define a cost function as follows:
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In the cost function, Cj is the setup cost for a study. C} is the cost for each subject, i.e.,
the cost of tissue preparation in a post-mortem tissue study; in the animal studies, also
including animal cost, treatment cost and nursing cost. We assume the cost is the same
for each subject in the treatment group and control group. Cs is the cost for each counting
frame which includes constructing the counting frame, delineating the appropriate neurons
and counting them. Since Cy, C' and Cy are positive constants, it is sufficient to know the
relative cost C1/Cy in order to minimize the study cost. Invariably the subject cost C; is

relatively large compared to the counting frame cost C} .

We now provide a model for analyzing a paired study using paired differences. Let X;; be
the true number of neurons of subject k in group 4, i = ¢ (control group) or ¢ = t (treatment

group), k = 1,---, N, then the typical model in such a study assumes
X’ik Ni.i'd N(/Ll + Pk, 03)7 (32)

where p; is the mean of group i, py is the effect of pair k& (with 25:1 pr = 0) and op is
the biological variance. We assume that the biological variance is the same for treatment
and control. Obviously, we cannot observe X, for any subject, but must use stereological

methods to “estimate”this quantity.

Let N, be the stereological estimate of X;;. For simplicity, we assume the shape of the
brain region of interest is the same among subjects. In this chapter, we continue to use oy as
the notation for the stereological variance, o4; and oo as the notations of the two parts of
the stereological variance in (2.11), respectively. The within section variance may be based
on either Cruz-Orive and Geiser or Ammeter assumptions. Given X, we assume that Mk

is approximately normally distributed, and

E[Mk’sz] = Xik,

var[Nig| Xix] = 0%, i=cort, (3.3)

where o¢, and of, are the stereological variances of control and treatment groups, respectively.
From the stereological variance formula in Chapter 2, we know that if there is a group

difference the stereological variances are most likely different between groups.
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The unconditional distribution of /(/’ik is as follows

~

E[NG] = E[BN#| Xal] = E[Xu] = pi + pr,

var[./\AfZ-k] = var[E[./\A/;k]Xik]] + E[var[/(/}k|Xik]] =var[Xg| + Elo,] = op + 0. (3.4)
Hence,
/(/;k ~Aid N(u; + pr,o + ait), i=cort, k=1,--- N, (3.5)

so that the pairwise difference D, = N — Ny, ~i-id N(pe—pg, 20p+06+0t,), k=1,---  N.
The sample variance of Dy given by s%, = w4 "+ (Dy — D)? has the following distribution:

(N —1)sh, ~ (208 + 05 + 0l)XA_1-

The hypotheses are

Hy : pe = pu,

H, : e # . (3.6)

It is well known that to test Hy based on(3.5), we use the usual paired t-test statistic

~ ~

= Ne N (3.7)
sb
N
Hence, the power function for the 0.05 level test of (3.6) is given by
Power = Pr(reject Hy| H,)
)
=Pr [ |T]>togrsn-1] €= , (3.8)

ostol
\/ v(op + =57
where the test statistic T follows a noncentral ¢ distribution with N — 1 degrees of free-

dom, and noncentrality parameter £, and where ¢y 975 y—1 is the 0.025 critical value of the ¢

distribution with N — 1 degrees of freedom, and 0 is the pre-specified alternative.

Under the null hypothesis u. = p;, so that the stereological variances are the same
for control and treatment group, that is, o<, = ¢f,. But under the alternative hypothesis

e 7 ¢, the stereological variances are different for control and treatment group according to
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the stereological variance formula (2.11). P-values are obtained based on the null hypothesis
being true; thus, the paired t test gives the correct p-values. Statistical power is based on
the alternative hypothesis, so the test statistic needs to account for the unequal variances.
However, for the paired study, no matter whether the variances are equal or not between
groups, the paired ¢ statistic is appropriate to use, since the difference statistic depends on

the sum of stereological variance of two groups.

3.1.2 Stereological Variance and Number of Counting Frames

In this section, we present the mathematical relationship between number of counting frames
and stereological variance. Consider two stereological designs on the same region of interest
with length L, where one has K and the other has K* counting frames, respectively. We
suppose the number of the sections respectively m and m* to be the same between the
two designs. The sizes of the square counting frames are the same among the sections and
between designs, so that ay = a}. The height is also the same within and between designs, so
that h = h*. The difference between these two stereological designs is that they use different
lengths of grids, where a, # a; and a, # a;. The grid lengths are the same among sections
in the same design. This difference in grid lengths allows us to vary the number of sampling
frames.

Thus, the section sampling fraction and the height sampling fraction are the same for

these two designs:

*
Ts = Ta,

Th = Tp. (3.9)

K

Let the ratio of two numbers of counting frames be p, i.e., p = =,

_ *
and n; = pnj for

j=1,---,m. Since the area of the j' section, Area; = nja,a,, is fixed, then

aya, = Area;/n;

= Area;/(p- n;)
1

= — - aya,. 3.10
p (3.10)
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Hence,

1
Ta = afc/(auav) = a?c/(— caray) =p-T,. (3.11)
p
Recall that in the stereological variance formula in (2.11) (og = var [M + (£)? >

var[f(Xy + (j — 1)L Uy;,V3;)|X4]), the first term on the right hand side is the between

section variation (o4 = var[N]). Hence,

~ L
N =23 f(X))
m <
7j=1
L &
= m* Z f(X])
j=1
= N, (3.12)
where f(Xj;) is the true number of neurons at X; for j = 1,--- ,m, so that the between

section variances are the same for two designs when the two designs have the same number
of sections, that is, o, = var[N] = var[N*] = o%,,.

The between section variance only depends on region length L, section number m and the
f(X;)’s. It is important to understand that the values of L, m and f(X;)’s are unchanged
under these two stereological designs, and thus the between section variance component will

be the same no matter how many counting frames are sampled.
The second component of the stereological variance in (2.11) is o4 = (£)? 37 var| f(X+
I Uy Vi) | X4 ).

Under the Cruz-Orive and Geiser assumption, we have

Loyx~ 1
Ost2 = (E)z Z 7_2h2nj>\j
L

% (3.13)



Similarly, assuming we were to use our Ammeter model, we would have

L o 1 HAj;
Tst2 = (E)QZ TthnJ:“AJ(l + o )
j=1 '@ Aj
L 2 s 1 Haj
= g Pty (14
(m*) ;( )Qh*Q J( (b j)

<

- ];a;fﬂ. (3.14)

Hence, for both the approaches the second component of the stereological variance (og2)
is inversely proportional to the number of counting frames.

In order to obtain our cost considerations, we make a number of simplifying assumptions.
We assume that the shape and the length of brain region of interest are the same for all the
subjects. In the stereological study, we also assume the same number of sections will be
selected for all subjects. In practice, the size and height of the counting frames will be
kept the same through the study. Then the between section variation (og;) is unchanged
according to the number of counting frames, while the remaining part of the stereological
variance (0g2) and the number of counting frames have an inversely proportional relationship.
The two parts of the stereological variance are assumed to be the same within each group,

but not necessary to be the same between groups.

3.1.3 Theoretical Results

In the last section, we obtained the relationship between the number of counting frames and
the stereological variance. The first term on the right hand side of (2.11) is unchanged under
the systematic sampling design when the number of sections is the same. The second term on
the right hand side of (2.11) and the number of counting frames are inversely proportionally
related. In this section, we use the notation a;'ﬂ’ Kk, to be the first term, and O-étQ, K, 10 be the
second term where the number of counting frames is K for each subject in both groups the
control and experimental.

When the number of pairs and the number of counting frames are N and K respectively,
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the noncentrality parameter in the power function (3.7) is given by
o

\/% (208 + (0% 4 + 0%, )
)

Koo Koot
1 c st2,Kq t st2,Kq
\/N (203 + (Ustl,KO +—x )+ (Usﬂ,KO +—x ))

)
_ . (3.15)
KO(Uth,KO +J§t2,K0)>

\/% (203 + (Ugﬂ,Ko + Uéﬂ,Ko) + K

&=

Hence the power function in (3.8), viewed as a function of N and K, is

Power(N, K) = P(reject Hy| H,)

=P ||T|>tomsn-] &=

)
2 on + U§t1,K0+U§t1,KO + KO(U§t2,K0+"§t2,KO)
N \YB 2 2K

(3.16)

where § is the pre-specified alternative, and o, 05, k., Tho Ky Tor1 ko> A0 Ohyg g, are known
k) b K )
parameters.
Thus the power function and cost function both depend on the number of pairs N and

the number of counting frames K used in the study. Combining these two functions together,

we have
(
Power(N,K) =P | |T| > tomsn-1| = :
< J]%(UB+“§z1,K0:U§t1,KO+K0<"§t2,fg(}:"§t2,1(0)>
L COSt(N, K) = OQ + 201N + QCQNK

In the next section we consider two ways to optimize cost, two types of optimizations:
I. for a certain power, to minimize the cost of study;

IT. for a fixed budget, to maximize the power of study.

3.1.3.1 The Type I Optimization For the type I optimization, let {23 be the set of all

possible combinations of numbers of pairs and numbers of counting frames satisfying power
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function > 1 — (3, at the alternative 9, that is
Qs ={(N,K) : Power(N,K)>1- 3} (3.17)

Denote the type I optimal combination as (N, K'),; which is the combination minimiz-
ing the cost function Cost(N, K) in Qg.

Given 0 and 3, let 053(N) denote the variance of the pairwise difference in order for
a study of N pairs subjects to reach at least 1 — 3 power. o55(N) can be obtained from
noncentral ¢ power calculates for a given number of pairs N. When the number of counting
frames for each subject is K, 054(N) in the power function (3.16) can be given in terms of

c t c t ;
OB; K07 Ustl,Kg? Ustl,Kov Ost2,K07 and 05t2,K07 that is

KO(Uth,KO + O-.itQ,Ko)

75,5(N) =208 + (05 1, + Ournie,) + T

(3.18)

Note that o54(N) is a function of N, so that the solution of K is obtained as a function
of N

K(N) _ KO(O-thKO + 022527}(0) (3 19)
058(N) =208 = (051 i, + Ol i) |

where [a] is the smallest integer larger than a and K > 0. For a given N, K is adjusted

~

to change the stereological variance, and hence the variance of the primary outcome (A) in
order to achieve the desired power. Thus, among all the possible combinations of (N, K)

that satisfy the statistical power, the optimal combination of (N, K) is given by

(N, K)opt.r = argming,Cost(N, K(N))
= argming, {Co + C1N + CoNK(N)}
= argming, {Co(C1/CyN + NK(N))}
= argming, {C1/CoN + NK(N)}, (3.20)

where Cy, (1 and Cy are positive constants in the cost function. Note that to find the
optimal combination, it is sufficient to know C/C5 which is the relative cost of a subject to

the cost of a counting frame.

To illustrate the Type I optimal results one can obtain from the optimization approach,
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Table 3.1:  Type I Optimal Combination of Number of Pairs and Number of Counting Frames
(Na K)opt,[-

C1/Cy 1—8=070 1—-8=075 1-3=080 1-8=085 1—8=0.90

10 (26, 52) (28, 54) (34, 49) (38, 50) (42, 53)
20 (22, 64) (24, 66) (26, 69) (29, 70) (34, 69)
50 (15, 110) (17, 106) (19, 106) (21, 109) (23, 118)
100 (13, 138) (14, 144) (15, 153) (17, 151) (19, 158)
500 (9, 286) (9, 395) (10, 350) (11, 361) (13, 329)
1000 ('8, 391) (8, 514) (9, 472) (10, 471) (11, 516)
10000 ( 6,1506) (7,906)  (7,1591) (8,1209) (9, 1203)

we consider an example where the results are given in Table 3.1. In this example, the param-
eters used for the optimal calculation are § = 20, o5 = 100, Ko = 1000, 0, g, = 1, 0% g, =
2, 0% 1, = 30 and oy g, = 40 in Table 3.1. The range of power is (0.70,0.75, 0.80, 0.85,0.90)
and a relatively large range of relative costs C;/Cy (= 10, 20,50, 100, 500, 1000, 10000) are
considered. The optimal results in Table 3.1 show that at a fixed level of power as the relative
cost C1/Cy increases, then the optimal number of pairs decreases and more counting frames
are added. When the relative cost is small, the number of pairs is what mostly changes in
order to achieve different levels of powers. When the relative cost is large, the number of

counting frames is mostly adjusted for different powers. Clearly, for any relative cost and

required statistical power, we can provide the optimal design for a stereological study.

Since the number of counting frames K is a function of the number of pairs N, the core
part of the cost function (Cy/CoN +NK(N)) can also be considered as a function of N. The
core part of the cost function versus the number of pairs for three different (3’s are illustrated
in Figure 3.1, where the relative cost C;/Cs is 100. The diamond, circle and triangle denote
power levels of 0.9, 0.8 and 0.7 respectively. The three dots mark the optimal combination

for each power level. Figure 3.1 shows when the number of pairs is small, the cost of study is
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large, because a huge amount of counting frames is required for each subject. On the other
hand, too many pairs also increase the cost of study. The optimal cost and optimal number

of pairs both increase as the desired power goes large.
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Figure 3.1:  The Core Part of Cost Function vs. the Number of Pairs for Power(=
0.9,0.8,0.7) and Relative Cost Cy/Cy (= 100).

3.1.3.2 The Type II Optimization For the type II optimization, let Q¢ be the set
including all possible combinations of group size and numbers of counting frames satisfying

the cost function < C. Q¢ can be denoted as
Qc={(N,K) : Cost(N,K) < C}. (3.21)

The Type II optimal combination is the (NN, K)ot ;7 which maximizes the power function

Power(N, K) in Q¢.
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For a fixed budget C,

so that the group size N can be expressed as a function of the number of counting frames

K, where
¢~ G (3.23)

N(K) = 2(Cy + LK)

The stereological variance o also depends on the number of counting frames, given the

relationship in Section 3.1.2.

Hence, the noncentral parameter £ can also be given as a function of K,

5
§(K) = : (3.24)
\ iy (o o ZEll)

Now, the power function can be described as

Power(N,K) = P(|T| > to.975.,|€)
_ / 0.025,v f(t)dt . /oo f(t)dt, (325)

—00 to.975,v
where f(t) = s > SENETALS andv=N—1= G 1
— /Al(v/2) (v+t2)v T j= 0 G\ v+t2 ) T T 2(Ch1+02K) :

Since the power function now only depends on K, to maximize the power function, it is

equivalent to solving
dPower(K) __ 0
aK

d? Power(K)
By — < 0.

When we consider the type II optimization, this algorithm requires more information

about the three cost coefficients Cy, C; and C5 than was needed for Type I optimization.
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3.2 EXAMPLE

We consider an example which shows how to extend some of the ideas in Section 3.1 and
how to potentially apply if we were to repeat a study like Dr. Konopaske. In the Konopaske
study, 18 monkeys were matched by their body weights as triads and then within triads
assigned at random into the three treatment groups: haloperidol, olanzapine, and sham
control. Using the CE criterion, about 1600-1800 counting frames were collected from each
animal.

In Konopaske et al. (2007) a two-way ANOVA model (with additive effects of group
and triad) was used for the data set consisting of each monkey’s stereologically estimated
total glial cell number in its parietal lobe, in order to assess the effect of chronic antipsy-
chotic exposure. The contrast of the combined antipsychotic-exposed groups vs the sham
group was used to evaluate the effect of chronic antipsychotic exposure. One-sided testing
of the contrast was done due to the directionality of expected reduction glial number in
antipsychotic-exposed monkeys.

To first explore how the number of counting frames affects the final test statistic and
resulting inference, we systematically deleted different proportions of counting frames within
each animal and analyzed the reduced data set. First, we decreased the number of counting
frames K in the data set by 10%. To roughly keep the systematical sampling characteristic,
we systematically deleted the counting frames. Ten subsets for each animal were generated.
For subset 7, the i** counting frame of each section was deleted and then every 10th thereafter
is also deleted, i = 1,---,10. All the i** subsets of each animal are combined together as
a new sample of 18 animals. Therefore, ten such samples are generated. Then the two-way
ANOVA model described in Konopaske et al. (2007) is applied to each sample. The estimate
and statistical inference about the contrast between the combined antipsychotic-exposed and
controls from the sample data sets do not change much comparing to the original data set.
Table 3.2 lists the estimate of the average effect of the two chronic antipsychotic exposure
groups minus that of the sham group, the test statistic and the p-values.

We then proceeded to decrease the number of counting frames by 20% and 30% sequen-

tially. The statistical inference changed little (see Appendix A).
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Table 3.2: Comparing the Original Data Set and 10 Samples with 10% Reduction.

Dataset Estimate StdErr  t-stat p-value
Original -25.0 12.94 -1.93 0.0413
Samplel -24.5 12.85 -1.91 0.0427
Sample2 -25.8 13.60 -1.90 0.0436
Sample3 -23.2 12.63 -1.84 0.0479
Sample4 -26.4 12.90 -2.05 0.0339
Sampleb -24.5 13.06 -1.87 0.0453
Sample6 -23.7 12.66 -1.87 0.0454
Sample7 -26.2 12.95 -2.02 0.0355
Sample8 -25.1 13.46 -1.86 0.0460
Sample9 -25.1 12.49 -2.01 0.0364
Samplel0 -25.4 13.11 -1.93 0.0410

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.

46



A second approach to exploring this issue used the bootstrap method to resample the
data set. To obtain a bootstrap sample with 100p% counting frames of the original data
of each animal using section as a strata variable, p - n; counting frames are independently
selected within the j¥ sections with replacement, for j = 1,--- ,m. For each animal, we
obtained a bootstrap sampling with p - K counting frames. We combined the bootstrap
sampling from each animal to get a new sample of 18 monkeys, and performed the two-way
ANOVA analyses. The results of this method are consistent with these obtained from the

preceding systematic deletion (see Appendix B).

Both systematic reduction and bootstrap methods demonstrate that reducing the number
of counting frames will only cause a slight loss of power. Moreover, in an actual study the lost
power could by compensated for by increasing slightly the number of animals. Decreasing
the number of counting frames by 30% in the Konopaske study means reducing 500 counting
frames for each animal, which in turn translates into a reduction of more than a month of
lab work in this study. We will later show in this chapter using the Konopaske data how we

would provide an optimal design which also maintains the original data set’s power.

3.2.1 Paired Design

In Konopaske study, we can estimate the stereological variance from the data set. If someone
wants to repeat the study, we could provide the optimal design based on the information
obtained from the Konopaske’s study. For simplicity, suppose that we only have two groups
matched as pairs in the new study, for example, haloperidol and sham groups. Due to the

directionality of the treatment effect, a one-sided test is considered.

The hypotheses are

Ho: pg = ps,
H,:pg < ug. (3.26)

47



The test statistic in (3.7) is

T = N — Ns _ _ : (3.27)
~ ~ ~ = =
VG S (Wi — Nis) — (Wi, — Ns))?)
and the power function for the one-sided test is
Power = P(reject Ho|H,)
o
= P(T < t.057N_1| f = ), (328)

\/%(203 +oll +03)

where /(/;k is the stereological estimate of the total glial number in the parietal lobe for the
monkey of pair k£ in group ¢, /\Tfl is the mean of the stereological estimate of group i, o, is
the stereological variance of group i, i = H (haloperidol) or i = S (sham), and op is the
biological variance, and ¢ is the numerical difference in total number that is to be detected.

In the data set, the average numbers of total counting frames used in haloperidol and
sham groups are 1676 and 1646 respectively. We have estimated the two components of
stereological variance for each group by averaging the two components of stereological vari-
ances of subjects within group, respectively. The estimates of off; and 0%, are 1.5 and 1.5,
respectively, and the estimates of oZ, and 0%, are 29.0 and 39.6 (under the Cruz-Orive and

Geiser assumption), respectively, where

g 24401+13+39+06+04

Ogp = G =1.5
92334280+ 2644362+ 25.8+34.3

Gl = 220 00T JGF R Y
o L7405+20+02+31+14

Oy = 5 =15

o A174321+504423.8+49.8+39.7

58, = T J6r TRETIT_ a9,

and the numbers can be obtained in Table 2.3.
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The estimated noncentrality parameter for N pairs and K counting frames is

5
V¥ Qo+ (6t + 1506 1,) + (65, + 526%,))
5
VF2on + (L7 +20.21%) + (1.4 + 38.850))
5

_ . (3.29)
V(205 + 3.1 + L1201

£ =

Based on the information obtained from the data set, we are able to decide the number
of counting frames and sample size for a new study. The following table lists the numerical

results for different pre-specified alternatives and relative costs of a study with 80% power.

Table 3.3:  Optimal Combination (N, K)p.r for Konopaske Study - Paired Case.

5 o5 Ci/Cy | N K
220 20? 100 29 116
1000 19 342
10000 | 16 821
-30 20? 100 14 112
1000 |9 308
10000 |8 828
220 152 100 20 153
1000 12 500
10000 | 10 1176
-30 152 100 11 123
1000 |7 338
10000 | 6 610

In Konopaske data, the observed difference for haloperidol and sham group is -31.8 and
the observed biological variance is 760.4. The optimal combination for the study is (12, 574)
when the relative cost is 10000.
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3.2.2 Matched Triads

In this section, we consider the issue involving in repeating the Konopaske’s study exactly.
Due to the assumption of unequal stereological variance among groups under the alternative
hypothesis, the triad case is more complex than the paired case. We use Sattherwaite’s

approximation to adjust the test statistic.

The hypothesis of interest here is

+
H, 10: 4 . Ho _ i
H. - HH + fo 330
a T < Hs. ( : )
Let o denote var[% NS] so that

1 = 1 = =
o= Zvar[NH.] + Zvar[]\/o.] + var[Ng.]

1 1
= 1o+ 08) + 1(on+00) + (o5 +07)
3 1 1 1
= o308 Ot e T O (3.31)

Let MS; = ﬁzﬁzl(mk — ]@.)2, then (N — 1)M.S; ~ var[]\rfi.]xﬁ,_l, i =H,0O and S.

Using the Satterthwaite approximation, we have

1 1
so that var[M ﬁg] /o can be approximated as a x? distribution with degrees of

freedom given by

(M Sy + - MSo + £ MSs)?
(g M5+ (5 M50)*+(}; MSs)?
N_1
_ (%L]\/[SH—F%1]\/[50—i-]\/[SS)2 3.33)
 (AMSH)2+(IMS0)2+MSs)? (3.
N—1

df =

20



A suitable test statistic of hypothesis (3.30) would be

N ANo. <
SHn0. — N

T= e —. (3.34)
Ve, _ ]
The resulting power function is
Power(N, K) = P(reject Hy|H,)
= P(T < tos.al €), (3.35)

where given the alternative d, T' has a noncentral ¢ distribution with a df given in (3.33) and

the estimated noncentral parameter being

£= (3.36)

1 1A Ko A 1A Ko ~ . Ko A
VR Bos + Lo+ K6) + 169+ 5269,) + (65, + K25%,)
The optimal algorithm is similar as the paired case, where we need the two components

of stereological variances of the three groups. Optimal results for the triads case can be

obtained as Table 3.3.
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4.0 ADAPTIVE DESIGN

4.1 INTRODUCTION

Chapter 3 shows that to plan an optimal design we need the information about the sizes of
the biological and stereological variances, which are unknown prior to study. Traditionally,
researchers estimate such values from previous experience for the experimental design. We
know from Chapter 2 that the stereological variance depends on the shape of the region of
interest and on the number of neurons in it. Hence, it is difficult to prespecify the stereological
variance before a study that is interested in a particular type of neuron. When the design
parameters are incorrectly prespecified in the optimality calculation, the number of subjects
and the number of counting frames may be incorrect. To avoid inefficient use of resources
in stereological studies, we propose to introduce ideas from adaptive designs that have been
widely studied and implemented in clinical trials during the past decade. An adaptive design
allows us the opportunity to look at the data at an interim stage, and to modify the design
based on the information obtained from the first stage data. The flexibility of adaptive design
allows adjusting the sample size and the number of counting frames when the variability is
mis-specified. Adaptive procedures can have cost advantages over standard fixed procedures.
In this chapter we apply two stage adaptive procedures in stereology. While in the literature
both blinded and unblinded procedures have been considered, we focus on blinded adaptive
design procedures.

Several different unblinded adaptive procedures are described by Proschan and Huns-
berger (1995), Shun (2001), Liu and Chi (2001). These designs unblind the treatment as-
signments at the end of Stage I, so that the group means and common variance can be

estimated and used in the design of Stage II.
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Blinded adaptive procedures (e.g., Stein (1945), Gould and Shih (1991), Gould and Shih
(1998), Kieser and Friede (2001)) do not break the blind at the end of Stage I. Typically
for these designs, only the common within-group variance is attempted to be estimated, and
usually the sample size of Stage II is re-estimated based on the estimate of the variance.

In our adaptive procedure, we only estimate the stereological variance without breaking
the blind of the Stage I data. Our goal is to design Stage Il with the information obtained
from Stage I. At the end of Stage I, we estimate the stereological variance, and adjust the
number of counting frames in Stage II. We develop the appropriate test procedure and show

that the type I error rate is controlled.

4.2 ADAPTIVE PROCEDURE

In the current chapter, we develop a blinded adaptive procedure in which the diagnostic codes
for the subjects remain blinded until the end of the stereological study. Unlike traditional
blinded procedure, we only estimate the stereological variance based on the blinded Stage
I data instead of the variance of the primary outcome (number of neurons), which involves
both biological variance and stereological variance components. Particularly, we consider
the situation in which the design of Stage II, such as the number of counting frames for
each subject and/or the sample size, depends on Stage I observations. In our procedure,
we always assume that the biological variance is known and kept the same between stages.
However, adjusting the number of counting frames in Stage II creates the difficulty that the
variances at the subject level will be different between two stages . The usual paired ¢ test
is not appropriate for our procedure, and we propose to use an adjusted t-statistic.

The motivation for developing a two-stage adaptive procedure for the stereological study
is due to the fact that it is difficult to prespecify the design parameters concerning the
stereological variances prior to the beginning of the study which focuses on a particular type
of neurons. The stereological variances can vary from study to study, since the stereological
variation depends on the number of counting frames, and adjusting the number of counting

frames changes the stereological variation.
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A stereological study based on our adaptive design gives us the opportunity to look at
the blinded data without revealing the treatment and pair assignments at the end of Stage
I. The design of Stage II depends on the updated information concerning the stereological
variance. We find that our two-stage adaptive procedure presents an advantage in terms of
efficient use of resource with claimed power. One of the challenges for our statistical method

is to maintain appropriate control of Type I error rate while permitting adaptation.

4.3 ADJUSTING THE NUMBER OF COUNTING FRAMES (K,) OF
STAGE II

4.3.1 Introduction

In this section, we consider only adjusting the number of counting frames for Stage II, while
keeping the sample size of a study fixed. In fact, the total number of subjects that are
available to be used in a study is often fixed by the budget or the available resources for
many studies. For example, Dr. Konopaske’s study had a fixed number of monkeys that
were available. However, the number of counting frames can be adjusted to assure improved

power for detecting a treatment effect under a proposed alternative. Under the uniformly
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Figure 4.1:  Uniformly Systematic Sampling Scheme

systematic sampling scheme of a stereological study (Figure 4.1), the section sampling step
and the height sampling step remain unchanged for the two stages of the adaptive design,

and only the area sampling step is adjusted to adjust the number of counting frames. The
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way to adjust the number of counting frames is by altering the distances between the crossing
lines which are called u-step (a,) and v-step (a,) of the grid. The other characteristics of
the stereological design, such as the number of sections, the area of a counting frame and
the thickness of a counting frame in a stereological study, are kept the same though the
entire study. An advantage of keeping a fixed number of sections across stages is that the
researchers can prepare the section slices in advance and don’t need to wait until Stage I is
finished. Figure 4.2 given by (Schmitz and Hof (2007)) illustrates a series of selected sections

of brain tissues.

& Hg' -
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e S
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iy

Figure 4.2: Section samplings (Schmitz and Hof (2007))

Let us suppose that the study is interested in a brain region with length L. The region
is cut into M sections and m sections will be systematically chosen for examination. The
thickness and the area of the counting frame are h and a?, respectively. The areas of
each section selected are denoted by (Areay, ...., Area,,), respectively. The section sampling

fraction (7) and height sampling fraction (73,) are given by

m
Tg = —
M
h
T, = ———.
" LM

In an actual stereological study, the researchers choose the u-step (a,) and v-step (a,) in

order to obtain the required number of counting frames. They can decrease the number of
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counting frames by enlarging the distances between the cross lines and making the rectangle
larger, so that fewer number of counting frame are observed, and to increase the number of
counting frames they decrease the relevant distances. The area sampling fraction is given by

aj
Ay

Ta =

and the corresponding numbers of counting frames in each section are

Area;
n, = , ':]_,...,m. 41
j oty J (4.1)
Hence
n; Area; .
=" j=1,m (4.2)
Ta ay
Areaq,--- , Area,,, and a? are fixed and known for a study; thus, the number of counting

frames K = 27:1 n; and the sampling fraction 7, have a proportional relationship.

Following the simple Cruz-Orive and Geiser approach, we assume that the number of
neurons counted in each counting frame follows a Poisson distribution with the same A among
sections (see Section 2.3). Based on the Poisson assumption, the measurement function given
by (2.4) on each section is f; = Taihnj)\ = a%hAreaj, j=1,...,m. Then the two components

of the stereological variance are given by

Ogt1 = 240 Zf +ijf]+2 4ijfj+1

= % 3 Z Area + Z AreajAreajiq — 4 Z AreajAreajy), (4.3)
Jj=1 j=1
and
Ost2 = 727.2 Z nj
= [ 2h2 ZArea] Q.- (4.4)
As previously noted, for a stereological study, L, m, h, ay and Area;, j =1,---,m are

known and fixed. Thus, the first component (4.3) of the stereological variance is fixed for a
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study, and the second component (4.4) of the stereological variance depends on the distance
between the cross lines of the grid (a, and a,). The number of counting frames is determined

by a, and a,.

In designing a stereological study one choses a, and a, based on pre-specified design
parameters: type I error rate «, type Il error rate (3, total pairs of subject IV, biological
variance opg, alternative §, and A, where \q is the initial guess of the true parameter \.
These will determined the number of counting frames, K, in the Stage I. The details for
this calculation are discussed in Section 4.3.2. Let K5 denote the number of counting frames

re-calculated for Stage II. The procedure of choosing Ky will be discussed in Section 4.3.3.

4.3.2 Planning Stage

In a matched pair study, the numbers of control and treatment subjects are balanced within
each stage. In fact, the tissue specimens are often processed in batches and that pairs always
appear in the same batch (to protect against batch to batch variation). We assume that
the region of interest is basically the same among subjects for both treatment and control
groups. We also assume that the stereological design parameters, such that the section
sampling fraction, the area sampling fraction and the height sampling fraction, are the same
for both stages. Hence, the same number of counting frames for each subject are collected

within each stage.

In a study designed for CCNMD, control and treated subjects are pair-matched by co-
variates, such as age at death, gender, post-mortem interval and brain pH value. Let ./\A/@7
be the stereological estimate of the neuron number of pair v from ¢ = control or treatment

groups, respectively. Then
/\Afm ~H N (pe + Dy 08+ 0y), (4.5)

where f; is the mean of group i (i = ¢ or i = t), p, is the effect of pair v satisfying
ZqJY:I py = 0 and op is the biological variance. We assume that the biological variance is the

same for treatment and control groups, but the stereological variances may be different due
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to the differing neuron numbers for treatment and control. The hypotheses that one test are

Hy s pe = py
H, e # 1. (4.6)

To design a stereological study with a fixed number of pairs, the number of counting
frames needs to be decided. It is important to note that the difference statistic only depends
on the average of the stereological variances of treatment and controls for the paired studies
(see Section 3.1.1). An initial guess of the average intensity of the Poisson distribution of
treatment and control is A\g. A simple paired t test is used to determine a, and a,. The

power function for a two-sided « level test of (4.6) can be expressed by

Power = P(reject Ho| H,)

o
V#0505 + 050) + (0 + 0Ly + 0y))

=P |T’ >t1—a/2,N—1| nep =

)
\/%(UB + Ost1 + Os2)

=P ‘ T ’ > tl—a/2,N—1‘ nep = , (47)

where o denotes the nominal type I error rate, 1 — 8 denotes the planned power, ;_n/2 v—1
denotes the 1 — /2 critical value of the ¢ distribution with N — 1 degrees of freedom, ¢
is the pre-specified alternative, op is the biological variance, ncp the corresponding non-
centrality parameter of the noncentral ¢t-distribution for T', and 741 (= (05, + 0%,;)/2) and
Ta2 (= (059 + 0yy)/2)are the average of the two components of the stereological variances
(i.e., (4.3) and (4.4)) for treatment and control groups, respectively. Substituting (4.3) and
(4.4) for the two components of the stereological variance in the power function (4.7), we
have that the resulting equations directly, relates power to a,a, with all parameter values

fixed by design, so that by a suitable choice of a,a,, we can obtain the desired power.

Note, there can be situations when op is too large, so that power is unachievable. For a
fixed N pairs subjects, to detect a difference of 9, {55 x) which is the effect size to achieve
1— /3 power is also fixed. If the biological variance is relative large compared to the alternative

d, such that 6/v/20p < £(54,n}, the study power can’t be obtained by adjusting the number
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of counting frames, even with a very large number of counting frames. Also, when the
average of the first component of the stereological variance 4 is too large, the study power
can be unachievable.

Now, we give a simple hypothetical example to demonstrate how to select the u-step

(a,) and v-step (a,) of grid for a stereological study. Table 4.1 gives an example of a set of

Table 4.1: An Fxample

N 0B ) L(mm) | a}(pm?) | h(um) | m Ao
20 400 20 25 512 30 10 0.636

Note: The units for og and § are 10'2and108, respectively.

parameters for a stereological study. The length of the region of interest is 25 mm and 10
sections will be used in the study. The areas of the 10 sections are 204.8 mm?, 230.4 mm?,
256.0 mm?2, 281.6 mm?2, 307.2 mm?, 307.2 mm?, 281.6 mm?, 256.0 mm?, 230.4 mm? and

2 and

204.8 mm?, respectively. The area and the thickness of a counting frame are 512 um
30 pm, respectively.

With the initial guess of the average intensity of the Poisson distribution being 0.636,
the average of the first components of the stereological variance is

222
240771%2

(25 103) * 0.6362
240 % 102 % 302 x 5122

= 3.3%10"2.

Ost1 =

(3 Z Area + Z Area;Area;o — 4 Z AreajArea;q)

j=1 j=1

(3 % 668467.2 * 10" 4 564920.3 * 10'? — 4 % 623902.7 * 10'?)

And the average of the second component of the stereological variance is
_ L2)\o -
= 2h2 Z Areajlay,a,

(25 103) * 0.636
© 102 % 302 % 5122
= 43131510a,a,.

% 2560 * 10%a,a,

In this example, the total number of pairs N and the biological variance op are assumed
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to be 20 and 400 * 10'2, respectively. To detect a difference of § for a study with N pairs
subjects, {s5,n) is the effect size to achieve 1 — 3 power. 555 can be obtained from
noncentral ¢ power calculates. and is 0.66 in our case. Accordingly the effect size is related
to aya, by

J

2(0B + a-stl + 5-5152))
B 20

\/2(400 + 3.3 + 43131510a,a, * 10-12)

§{20,0.2,20y = \/

Usually, we use the same u-step (a,,) and v-step (a,), so that

20
4y = a, = (( 66) /2 — 400 — 3. 3) /(43131510 % 10-12)
= 1.131 mm.

When the u-step and v-step is 1.131 mm, then the number of counting frames to be
collected is
>y Area;

Q. p

2560
1.131 % 1.131

= 2000.

K =

Thus, we use the u-step and v-step being 1.131 mm and have 2000 counting frames in
this study. This example will also be used in the simulation study in Section 4.3.6.

Note that in the planning stage, we use the average intensity of treatment and control in
the calculation for simplicity. In fact, for the second component of the stereological variance

Ost2,

c t
Ost2 + Ost2

Ost2 = 9
L2, & L2 &
= <m2h2 4 ZAreajauav YO 4 ZATeajauav
L2 &
= g 4 ZAreaJauav,
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where A, and )\; is the intensity for control and treatment group, respectively. And the
average intensity Ao = (A.+A¢)/2. But the average of the first component of the stereological

variance,

c t
— . Ostl + Ustl
Ost1 =

2
2 m m—2 m—1
— —240m2h2a‘} (3 Z Areajz + Z; Area;Area;io — 4 Z; AreajAreajH)()\g + )\tQ)/Q,
Jj=1 Jj= j=

which requires the specification of both A\, and \;. However, o4 is usually small compare

with the o49. In the previous example, 041 and o4 are 3.3%10'? and 55.8% 102, respectively.

4.3.3 Details of the Blinded Adaptation

The two components of the stereological variance in (4.7) are never known exactly in practice,
and so in planning a study can only be guessed from previous experiments. Clearly, the
number of counting frames will be either too large or too small when an initial choice of
stereological variance is mis-specified. It is wasteful of time and money using more counting
frames than necessary, and using an inadequate number of counting frames will increase the
likelihood of an inconclusive study, which also wastes time and money.

Countering the uncertainty of the initial guess of stereological variance motives us to
apply adaptive procedures to stereological studies. After obtaining first N; pairs subjects,
the data are kept blinded and the two components of the stereological variance are estimated
using interim observations. Unlike some blinded sample size re-estimation procedures used
in clinical trials, such as Gould and Shih (1992), the biological variance is not re-estimated
in our procedure. At the end of Stage I, we don’t have any information about the treatment
and pair assignments. Only the counted number of neurons in each of the K; counting
frames is available for each subject. However, this information is sufficient for us to estimate
the stereological variance, because the variance of pairwise difference depends on the average
of treatment and controls stereological variance components , and the average stereological
variance components can be estimated from the paired Stage I data without breaking the
blind. Our goal in using blinded data is to avoid paying the typical penalties caused by

breaking the blind. As in clinical trials, procedures for estimating variability based on

61



blinded data before the completion of the study tend to be more scientifically acceptable.
Also, in the clinical trials literature, a number of authors have found that the inflation of
type I error rate is at most slight when modifying designs using blinded data. We employ
blinded estimation of the stereological variance to adjust the number of counting frames in
Stage II, if necessary, to provide the required power against the null hypothesis when the

alternative hypothesis is true.

4.3.4 Two Stage Data Structures

Before we present the strategy for picking the number of counting frames for Stage II, we
give the structure of the two stage data. Note that the stereological variances in the two
stages are different wherever the number of counting frames changes in Stage II. At this
point to establish the appropriate notation, we are assuming that Ky doesn’t depend on the
first stage data. Also assumed is that the distribution of the stereological estimates follows
a normal distribution. N; and N, denote the numbers of pairs in two stages, respectively,
and N = N;+N,. N, N; and N, are all fixed in our procedure. Let ./\Aff7 be the stereological
estimates of neuron number for control or treatment subjects (i = c or t), in the ¢** Stage,

¢ = 1,2, for the v pair, y = 1,--- , N¢, where

MC N(pi + Py, 08 + Uét,Kg): (4.8)

~Y
Y

Then the pairwise differences between treatment and control subject within a pair in each

of the two stages are
DC”/ :'AA/’CQ:’Y _'/\A/EV ~ N(,LLC — Ht, 20 + O-gt,Kc +Uét,Kg)7 y=1-- 7NC7 C =12 (49)

and their average

1 X

DC:E DC'YNN(/’LC_MU(2O—B+O’;§,KC+O-§t7K<)/N§>, C: 1,2 (410)
v=1

where K. denotes the number of counting frames used in Stage ¢, ¢ = 1,2.
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The difference between treatment and control at the end of study is

D = N = K = I+ Na2) = (VAT + Vo)
= S - R+ 2N - AR
= 2D, + 2D, (4.11)
so that
var[D] = e (203 + 05w, T+ ol x) T ]]\\;2 (20 + 05k, + ol ) (4.12)
Hence,
D o Nt = i 5 (20 + 0%, + 0l ) + 22 Q05+ 0%y +0lue)) (413

If Ky = Ky, then D ~ N (pe—fir, % (205405 i, +0%, k,)), which has the same distribution

as the simple paired case.

In the next section we show how to choose K, but now we are proposing the test statistic
which will be used after the completion of the study. Since the variances in the two stages
are different, the simple paired ¢-test which is the basis for the power calculation in (4.7) is
not appropriate. The distribution given in (4.13) suggests to consider a linear combination

of sample variances in the two stages to estimate the variance of D.
The sample variances of difference in each of the two stages are
N¢
9 1

— 3 \2
I ) ;(Dm = D¢)*, (4.14)

Ne—1

where D sDC XNC 1, for ¢ =1,2.

Then E[s3, | =205 + 0%, ;. + 0% . and Var[sh, | = 2Bom ot ) follow from the
DC - B St,KC St,Kg DC - N¢—1

moments of the y? distribution.

Now let

V)

+ = (4.15)

N2 SDy N2 SDa>
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then

N2 (203 + JSt Ko + Ust Kz) (416>

Thus s? is an unbiased estimate of the variance of D.

Then we have

N \° LAY
Var[s?] = (N;> Var[sp, |+ (ﬁ) Var[sh,]
(N 20205 + 0% g, + 0% k) (N " 20208 + 0%k, + Olu,) (4.17)
= N2 N]_ . 1 N2 N2 — 1 ‘ ‘

So s% can be used as the denominator of an approximate t-statistic. We want to find the

2 distribution. The Satterthwaite

E[ }
[ B " matches
that of the x7 distribution where
df - s? df? - Var[s?]
Var =
E[s?] E?[s?]
=2 df. (4.18)
Note that by definition, the mean of f distribution.
Then
2. E2 2
- 2 E
Var[s?]
C 2 C 2
_ [§ 08 + 0t + 0los) + §3 (208 + 05, + Ol (419)
- Ny \2 (203-{—0;&7[{1—&-0;‘}(1)2 Ny ) 2 (ZUB+J§t,K2+U§t,K2)2 '
(W) Ni—1 + (W) No—1
Thus, the test statistic
D
T=— (4.20)

V52

has approximately a t4 distribution with df defined by (4.19).
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When K; = K5, the degrees of freedom df is

2
df — [%<2O‘B + Ugt,fﬁ + agt,lﬁ) + %(20‘3 + Ust K1 + Ust Klﬂ
(&)2 (203+a§t,K1+J§t,Kl n (i) 203+05t,K1+USt‘K1)2
N2 lel N N271
2
)
T NN\2 Noy2 1
() mo T () m
N2
Y N2

Hence when N; = N, df = N — 1 which is the same as simple paired study. When
N1 =0.5N, df = N — 2 which is 1 degree of freedom less than the paired one, which is the

cost for carrying out a two stage procedure.

For the moment ignoring the adaptation, we are able to assume s7, and s7, are inde-
pendent random variables. When performing an unblinded adaptive design, the concern is
doing the analysis at the end of the study ignoring the adaptation might inflate the type I
error rate. Nonetheless, even after K is chosen adaptively based on blinded Stage I data we
propose in Section 4.3.5, to use the t-test in (4.20) to test whether or not the treatment and
control population neuron counts differ. However, in related settings with blinded sample
size adjustments, other researchers have found no inflation of the type I error in an approach
like ours. For example, Gould and Shih (1991) described an approach to recalculating sample
size that allowed estimating the variance without unblinding the data at the end of the first
stage, and the approach protected type I error rate. The type I error rate for our procedure

is discussed in Section 4.3.6.1.

4.3.5 Choice of K,

In this section we show how to choose the number of counting frames K, for Stage II. We
note that the power function for the t-statistic in (4.20) assuming K5 is not a function of

Stage [ is

1 — 8 = Power = P(|T'| > to.975,4r|2¢D). (4.21)
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Under the alternative d, the non-centrality parameter is

J

nep =
N c t No c t
\/N2 (205 + Ost. i, + Ust,Kl) + 3 (205 + Ost iy T Jst,KQ)

, (4.22)

and the degrees of freedom is defined by (4.19).

Our adaptive approach uses the stereological variance estimators based on Stage I and
combines the two stages data using the ¢-test of (4.20), ignoring the fact that we have done
an adaptation. The stereological design for Stage II is adjusted according to the Stage I
estimates. In particularly, the estimated stereological variance at the end of Stage I will be
used in determining the number of counting frames of Stage II. Our approach is to adjust the
number of counting frames for Stage II by updating the stereological variance components

in the power function (4.7). The power function with this estimation is now given by

1-p=P(T|> tlfa/Q,cZ}([Q)‘nAcp(KQ))? (4.23)
where

—_— Nl ~C AN ~cC AN
nep(Kz) =0/{575 208 + (Tanm, + 0 ) + Clom + Tun )+

“~C

e ~ K, ~ _
m[QUB + (Ustl,Kl + Uztl,K1> + E(UstQ,Kl + O-itQ,Kl)]} ) (4.24)

NI

and estimated degrees of freedom

1 Ny ~c ~ ~c ~
df (K3) = W[QUB + (Conr, T Uztl,Kl) + (Oso.r, + UitQ,Kl)]

“~C

Ny e ~ K, ~
T 208+ @+ Ta) + 7 Gl + T )}
/ & 2 205 + (351:1,1{1 + aitl,Kl) + (ath,Kl + atstz,Kl)]Q
Ny —1
(N2>2 [QO—B + (Egtl,Kl + aﬁtl,Kl) + %(ath,Kl + b\-th,Kl)]z

— . (4.25
e N, —1 b (4.25)

Note that the number of counting frames K; in Stage I cannot be changed, but that
we can change the number of counting frames K, in Stage II, based on our estimate of the
average stereological variances from Stage [. Observe that both the non-centrality parameter

(nep(K3)) and degrees of freedom (dAf (K3)) are functions of K,. For the pre-specified alter-
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native ¢ and fixed sample size, the power function only depends on the number of counting
frames of Stage II (K3). Our adaptive design for the second stage of the study selects K3 to
satisfy the power equation (4.23). In essence, we are estimating one of the design parame-
ters which we may have mis-specified in the initial study design, and then recomputing the
power taking into account that the number of counting frames in Stage I is already fixed.
Simulation results which are provided in Section 4.3.6 indicate that our approach preserves

the type I error rate well.

In order to obtain K counting frames for each subject in Stage II, the u-step and v-step
are adjusted to \/%au and \/%av, respectively. Consider the example in Section 4.3.2, if Ky
required in Stage II is 1000, then the u-step and v-step are adjusted to \/m* 1.131 =
1.599 mm.

It is important to reiterate that the distribution (4.13) of the difference statistic only
depends on the average of the stereological variances of treatment and controls. Thus, the
two stereological variance components can be estimated by the average of the treatment and
control components from the paired Stage I data which can be done without breaking the
blind. Applying the method described in Chapter 2, the two components of the stereological
variance can be obtained separately for each animal using (2.20) and (2.27). Then the two
components of the stereological variance estimate is given by the average, for v = 1,2,

~C

=t N1 ~cy N1 Aty
8 o O-st,U,Kl + Ust,U,Kl o Z'y:l Ost,v,Kl + Z'y:l gst,v,Kl (4 26)
st,u, K1 — - .
! 2 2N, ’

where EEZU’ k, is the v component (v = 1 corresponds to between section variance and
v = 2 to within section variance) of the stereological variance estimate of the 4" pair in the
group i (i = cori=t), and éiw, &, 18 the average of the v component of the stereological
variance estimate of the group i (i = ¢ or i = t). The stereological variance estimates in
(4.26) are the updated stereological variances at the end of Stage I and used for designing
of Stage II. The two components of the stereological variance are used in the power function

(4.23).
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4.3.6 Simulation

To demonstrate that the null hypothesis distribution of the proposed test statistic (4.20) is
appropriately approximated by the corresponding ¢ distribution with df defined in (4.19),
we conduct a simulation study. Our simulation continues the example in Section 4.3.2. The
parameters used in the simulation are listed in Table 4.2. Following Section 4.3.2, for a
fixed sample size stereological study, we pick K; = 2000 based on our initial guess (\g =
0.636) of the average intensity of Poisson distribution under the Cruz-Orive assumption.
The numbers of counting frames in each section are calculated based on (4.1), which are

(160, 180, 200, 220, 240, 240, 220, 200, 180, 160), respectively, in Stage I.

4.3.6.1 Typel error rate In the simulation study, we generate the counting frame data
for each subject. Under the null hypothesis, the population numbers of neurons in the control
and experimental groups are the same and two groups have the same population intensities.
Note that the true stereological variability depends on the true population intensity, A, of
neurons in each counting frame which as noted under the null is the same for both treatment
and control groups. In this simulation study, we explore the effects of differing A (= 0.4, 0.5,
0.6, 0.7,0.8) on the type I error rate. For each subject, the numbers of neurons counted in

each counting frame is independently generated according to Poisson(\).

First, we generate the counting frame data for Stage I with N; pairs. In the simulation,
we explore the effects of various choices of Ny from 5 = 25%N to 15 = 7T5%N.
Stage I Simulation In Stage I, for subject /; in group ¢ , the counted number Q;;jl’i in k"

counting frame j* section follows a distribution of Poisson(\), wherei = ¢, ¢, 1 = 1,--- , Ny,

k=1,---,njand j=1,---,10, and K, = 37" n;.

lzi

o We generate lekl independently from Poisson(A).

. . . . . 1,01, 1,01, 1,01,2
e The counting frame observation for the (I1,%)" subject is (Qy;"", - -+ , Qs -+, Qo' - -

17l 7‘
QlO}’nio)’

e The stereological estimate AN for the (I1,7)"" subject is estimated directly from (2.1),
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Table 4.2: Simulation Parameter List

L (mm) 25
m 10
(Areay, -+, Areay,) | (204.8, 230.4, 256.0, 281.6, 307.2, 307.2, 281.6, 256.0,
(mm?) 230.4, 204.8)
a3 (um?) 512
h (pm) 30
a, = a, (mm) 1.131
0.05
0.20
5(10°) 20
o5(1012) 400
Ao 0.636
N 20
K 2000
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./\Afl,ll,i _ 1 Z Z Q1~7l17i
TsTaTh “— Ik

Note op is fixed by the example.

To generate the primary outcomes, the biological variability (4.8) should be taken into

account. To do so we generate a random number b1

independently from N(0,0p5),
and add that value to the stereological estimate N t0 obtain the primary outcome

N*Lsi that is

\eLlne — 7Ll Ll
NFHRe = NI 4 gbhie)

el 0yt ALt 1,01t
N =NVt et

Note, in reality, the data we obtain in the Stage I is N*Hi which includes the biological
variation, and N4+ is never known. One wary to actually generate the data is using
the random intensity A for each subject. The variation of the intensity would be the
source of the biological variance. However, since such a simulation is under Cruz-Orive
and Geiser assumption where the counting frame data follows a Poisson distribution,
the validity of normality distribution assumption in (4.8) would be in doubt. In our
adaptation procedure, since our focus is to re-estimate the stereological variance, we use
the approximation of adding the biological variance to the stereological estimators of the

neuron number to avoid the conflict with distribution assumption of primary outcome.

The two components of the stereological variance of the simulated stereological sample

are calculated based on formula (2.20) and (2.27) in Chapter 2,
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1 10 8 9
~Allii 1,01,0\2 Livi ALl Lil1yi 11,8
Rl T i 3Y (") +) QM —4) QM
h j=1 j=1 j=1
10 8 9
L2a2a? , , : : ,
— u-v 3 Q]:Jl:l)Q + erzllle]:zllvl _4 Q]:7ZI7ZQ]:71177’
240m2h2a;% Z (@ Z ;oo Z 7o
j=1 Jj=1 j=1
~1,01,i 1,012
o = E Q;
st2,K1 ,7_27_ 7_2 '
j=1
z :Ql ll,
m2h2

where le-’ll’ (=30, Q; ll’ ") is the sum of the counted neuron in j section for subject

[; in group .

At the end of Stage I, use the average of the 2 - N stereological variance estimates as

the estimated stereological variance for each component,

Z N1 &l,ll,i

~ i=c,t 11=1 " stl,K;

Ost1,K, — oN )
1

Z Ny é_l,ll,i

~ i=c,t 11=1 " st2,K;

JStQ,Kl - 2N .
1

Then we can calculate the number of counting frames of the second stage (K3) based on
(4.23) with the two components of the stereological variance oy k, and G k,. Thus, Ko

solves the power equation
1= 8= P(T| > 1, 5l7D),

where

)
\/%i 2(0p + Ost1,5, + Ost2,i,)] + %[2(03 + 051k, + %Estu{l)]

nep(Ksy) =

Y

and estimated degrees of freedom

2
%5 (0B + Osi1,k, + Os2,,) + % (0B + 01k, + %astz,fq)]

dAf(K2) = [

~ Kq ~
22 (UB+Ust1,K1+7éﬁst2,K1)2
N_) Nao—1

(N1 )2 (UB+Ust1 K +Gs2 Kl

N2 N1—1
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Then, we generate the counting frame data for Stage II with No = N — Nj pairs.

2.1 . L. .
2 is also from Poisson distribution

Stage II Simulation In Stage II, the counted number Q)
with same A, where I, = 1,---, Ny, and the steps are essentially the same as Stage I, except

the number of counting frames is adjusted.

2,1

o We generate Q independently from Poisson ().

. : 20 2,1 2,lo,i
e The counting frame observation for the (I, i) subject is (Q%*", - Q ;2(’2 QN
7K1 n ’

: 7Q2l2’ n )

10

e The stereological estimate N2 for the (I, 7)™ subject is estimated directly from (2.1),

10 K17

R
TsTaTh =
Ko
I 10 K"
_ Dlaly Z Qi
"~ mha? gk
f =1 k=1

e To generate the primary outcomes, the biological variability is again accounted for, and
we generate random numbers €22+ independently from N(0,03) and appropriately add

them to obtain the primary outcomes.

Combining Stage At the end of Stage II, we calculate the p-value for the stereological
study based on the combined data sets of (A*51e, A*Lit) and (NV*242¢ N™#221) where the
test statistic is defined by (4.20).

This process is repeated 1000 times, so that the type I error rate of our procedure is
estimated by the proportion of p-value less than @ = 0.05. The average number of counting
frames K is also obtained. Table 4.3 gives the estimated type I error rates for different true
A’s and varying values of N, the Stage I sample size. No substantive impact of A and N;

on the type I error rate is found in this simulation study.

4.3.6.2 Power The power under blinded adaptive procedure can be obtained analogously
to the type I error rate by simulation. Under the alternative hypothesis, the population

numbers of neuron in the control and experimental groups are different , so that the two
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Table 4.3:  Simulation — Type I Error Rate (1000 times, Ao = 0.636)

A=0.4 A=0.5 A=10.6 A=0.7
Ny
o K, o K, o K, o K,
5 0.052 | 1083 0.048 | 1445 0.047 | 1866 0.051 | 2369
6 0.046 | 1050 0.049 | 1417 0.045 | 1857 0.046 | 2398
7 0.051 | 1012 0.051 | 1386 0.048 | 1845 0.049 | 2435
8 0.053 | 972 0.053 | 1352 0.051 | 1834 0.056 | 2479
9 0.048 | 929 0.046 | 1312 0.052 | 1821 0.049 | 2538
10 0.052 | 881 0.053 | 1270 0.047 | 1808 0.051 | 2605
11 0.047 | 831 0.048 | 1219 0.045 | 1787 0.053 | 2693
12 0.051 | 774 0.042 | 1164 0.053 | 1763 0.047 | 2818
13 0.047 | 711 0.053 | 1097 0.049 | 1732 0.050 | 2990
14 0.045 | 642 0.051 | 1020 0.046 | 1696 0.044 | 3259
15 0.046 | 565 0.048 | 930 0.051 | 1646 0.048 | 3732
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groups have different true population intensities. In simulating the power, we assume that
the true population intensities of neurons in each counting frame for treatment and control

group are \; and \., respectively. Since
0= Me — Mt

m m
1 1
= E TLJ‘)\C — E nj)\t
TsTaTh ~ TsTaTh *

L i Area;

2
mhay =

(Ae — ), (4.27)

the difference of the two intensities has a proportional relationship with the alternative 9.

According to (4.27), the difference of A, and A, is LZ+A’
mha2 Jj=1 rea;
7

of the number of counting frames. In our simulation, we assume the alternative ¢ is 20 * 10°,

which is independent

then

5
20 * 109

255105 6
Tox30-512 * 2060 * 10

= 0.05.

>\c_)\t:

On the other hand, the overall mean density for the paired study is

At N
A=

Then we select the following pairs of parameters (A, = 0.425 A, = 0.375), (A, =
0.525, \; = 0.475), (A, = 0.625,\; = 0.575) and (A\. = 0.725,\; = 0.625). The power is
estimated by the proportion of times that we reject the null hypothesis in 1000 tests. The
expected number of counting frames is very similar as the number we obtained in type I
error rate simulations.

We also generate the counting frame data for each subject of treatment and control
groups from Poisson distribution with A\; and ., respectively. However, all other parameters
remain the same including op and N;. Table 4.4-4.7 give the desired power of the study

under the alternative. Consider the case when the true A is 0.4 so that there is about a
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60% over-estimate of the intensity parameter used in the planning stage. If there are 5 pairs
of subjects in Stage I, we find that on average 1083 counting frames are required in Stage
II, which is about 55% of the number used in Stage I. If we followed the original design
without an adaptation, the number of counting frames is 80000, while the average number
of counting frames is 52490 in our procedure. On the other hand, when the initial guess of
A is too low, the number of counting frames is required to be increased to maintain power.
When the true A is 0.8, there is about a 20% under-estimate of the intensity parameter used
in the design. If there are 5 pairs of subjects in Stage I, we find that on the average 2975
counting frames are required in Stage II in order to obtain the desired power, which is about
50% increase of number used in Stage I. This increase in the numbers of counting frames

occurs because the original design is under powered.

Table 4.4:  Simulation - Power 1 (A, = 0.425, \; = 0.375)

N 5 6 7 8 9 10 11 12 13 14 15

Power 0.833 0.825 0.829 0.818 0.845 0.836 0.827 0.826 0.797 0.825 0.815
Ky 1084 1048 1012 972 929 882 830 774 711 642 266

Table 4.5:  Simulation - Power 2 (A. = 0.525, \; = 0.475)

N 5 6 7 8 9 10 11 12 13 14 15
Power 0.830 0.849 0.815 0.823 0.800 0.808 0.816 0.823 0.814 0.839 0.814
Ky 1445 1417 1387 1351 1313 1269 1220 1163 1097 1021 930
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Table 4.6:  Simulation - Power 3 (. = 0.625, \; = 0.575)

N, 5 6 7 8 9 10 11 12 13 14 15

Power 0.844 0.817 0.822 0.827 0.831 0.844 0.832 0.816 0.811 0.826 0.817
K, 1866 1858 1847 1835 1821 1806 1787 1762 1734 1696 1645

Table 4.7: Simulation - Power 4 (. = 0.725, \; = 0.675)

N 5 6 7 8 9 10 11 12 13 14 15
Power 0.819 0.838 0.823 0.831 0.828 0.849 0.817 0.841 0.828 0.823 0.828
K, 2367 2397 2433 2480 2536 2603 2694 2819 2994 3264 3737
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5.0 CONCLUSIONS AND FUTURE WORK

In Chapter 2, we develop a new procedure based on the Ammeter process for estimating the
variance of the fractionator estimator obtained using uniformly systematic sampling. The
assumption for our approach is that the density of the neurons is a random variable instead
of being a constant. In fact, the distribution of neurons in the brain region is always non-
homogenous. The Konopaske data shows the evidence of the overdispersed Poisson process.
We also compare the stereological variance estimator using the Ammeter method with the
estimators obtained by Cruz-Orive and Geiser’s method and the Bootstrap method.

In Chapter 3, we consider experimental design for a stereological study. We develop
procedures for planning a cost efficient study considering two types of optimization. For the
standard paired studies designed for CCNMD, the research aim is to compare the number of
neurons between two groups instead of evaluating individuals’ neuron numbers. We provide
an algorithm to find the the number of subjects and the number of counting frames that
minimize the cost function while maintaining sufficient power to address the research aim.
We also consider an algorithm to maximize statistical power for a fixed budget.

In Chapter 4, we introduce the idea of adaptive design to stereological studies. For the
optimal designs considered in Chapter 3, we require the information about the magnitudes of
the true stereological variance. Stereological variances vary from study to study. It is usually
difficult to pre-specify before a study which is interested in a particular type of neurons. We
apply the approach of blinded adaptive design procedures to stereological studies specially
to the case of a fixed number of subjects pairs, but where we can change the number of
sampling frames. We develop an approach which at the end of Stage I allows us to update
the assumption about the stereological variance used in the planning stage. Based on the

update, we change the number of counting frames to be used in Stage II. We propose an
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adjusted t-statistic to use for hypothesis testing at the end of the study. Simulation is used
to show that the type I error rate of our procedure is protected, and also appropriate power

is maintained.

5.1 FUTURE WORK

5.1.1 Adjusting Both the Counting Frames and Group Size of Stage II (K, and
Ns)

In the future, we will consider the situation that the number of pairs can also be adjusted.
Both K, and N, will be allowed to depend on Stage I data. The difference D = %[(Nl)_(l +
Ny X5) — (N1Y] + NyY5)] then will have data dependent weights. The adjusted t-statistic we
proposed in (4.21) may not be appropriate to use.

Then, we would consider an alternative test statistic, which is a combination of Z-

statistics,

Z =021 + /1= ¢Z,, (5.1)

where Z; and Z, are the Z-statistics for Stage I and Stage II respectively, and ¢ is a pre-
specified constant. This test statistic has a normal distribution and type I error rate is

guaranteed. However, the strategy to pick ¢ need to be discussed. Under the alternative,

Z ~ N(&, 1), wh = 2 V1- : :
~ (5’ )’ where 5 \/5\/QUB+U§t,K1+U§t,K1 + ¢\/203+J§i7K2+02i7K2
Ny

Ny
Consider the total cost for the study:

Cost = CO + QClN + 202N1K1 + 202N2K2
- (Co + 201N1 + 2CQN1K1) + 201N2 + 2CQN2K2

where C§ = Cy + 2C1 Ny + 2CyN; K. The cost of the first stage is fixed with fixed (N, K7),
so that to obtain an optimal design we need to optimize the second stage.

We plan to develop the strategy to pick Ky and N, as part of our future research goals.
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5.1.2 Ammeter assumption validity

We estimated the stereological variance under the Ammeter assumption in Chapter 2. How-
ever, the assumption’s validity has to be checked. We note that the assumption of an
Ammeter process can be compared to a Poisson model using a likelihood ratio test. To do
this, we use @ = 1/¢ in the NB distribution. Because v — 0 implies that the NB distribution

goes to a Poisson distribution, the validity test can be represented as testing o = 0.

5.1.3 Matched Triads Design

Dr. Konopaske uses a triads study to detect the antipsychotic exposure effect on the number
of glial cells. Due to the unequal stereological variances among groups under the alternative
hypothesis, to apply the adaptive procedure in designing a triads study is more complex.
Furthermore, the two components of the stereological variance can’t be estimated by blinded
data. The unblinded approach may be considered in triads case. We will examine this

situation more carefully in the future.
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APPENDIX A

SYSTEMATIC DELETION

A.1 SYSTEMATIC DELETION OF DATA SET WITH 20% REDUCTION

Table Al: Comparing the Original Data Set and 45 Samples with 20% Reduction

Dataset Estimate StdErr t-stat p-value

Original -25.0 1294 -1.93 0.0413
Samplel -27.9 1355 -2.06 0.033
Sample2 274 13.03 -2.10 0.031
Sample3 -26.6  13.28 -2.01 0.036
Sampled -24.5 1354 -1.81 0.050
Sampleb -25.6 13.60 -1.89 0.044
Sample6 -27.0 1393 -1.93 0.041
Sample7 276 1421 -1.94 0.040
Sample8 =272 13.75  -1.98 0.038
Sample9 -24.3 1265 -1.92 0.042
Samplel0 -27.0 1247  -2.16 0.028
Samplell -26.2  12.72  -2.06 0.033
Samplel2 241 1299 -1.85 0.047
Samplel3 -25.2  13.07 -1.93 0.041
Samplel4 -26.5  13.34  -1.99 0.037
Samplelb -27.2 13.63  -1.99 0.037
Samplel6 -26.8  13.19 -2.03 0.035
Samplel7 -23.9  12.07 -1.98 0.038
Samplel8 -25.7 1213 -2.12 0.030
Samplel9 -23.6 12,51 -1.88 0.044
Sample20 -24.7 12.58 -1.97 0.039
Sample21 -26.0  12.79 -2.04 0.034
Sample22 -26.7  13.20 -2.02 0.035
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Al: (continued) Comparing the Original Data Set and 45 Samples with 20% Reduction.

Dataset Estimate StdErr t-stat p-value

Sample23 -26.3  12.62 -2.09 0.032
Sample24 -23.4  11.60 -2.02 0.036
Sample25 -22.8 12.69 -1.80 0.051
Sample26 -24.0 1283 -1.87 0.046
Sample27 -25.3  13.05 -1.94 0.041
Sample28 -25.9 1334 -1.94 0.040
Sample29 -25.6 12,94 -1.98 0.038
Sample30 -22.6  11.82 -1.91 0.042
Sample31 -21.8  13.17 -1.66 0.064
Sample32 -23.1 1338 -1.73 0.057
Sample33 -23.8 13.75  -1.73 0.057
Sample34 -23.4  13.19 -1.77 0.053
Sample3h -20.5 12,19 -1.68 0.062
Sample36 -24.3 1342 -1.81 0.050
Sample37 -249 1383 -1.80 0.051
Sample38 -24.6  13.30 -1.85 0.047
Sample39 -21.6 1228 -1.76 0.054
Sample40 -26.2  14.02 -1.87 0.045
Sample41 -25.9 1355 -191 0.043
Sample4?2 -22.9 1240 -1.85 0.047
Sample43 -26.5  13.78 -1.92 0.042
Sampled4 -23.6  12.80 -1.84 0.048
Sampledb -23.2 1232 -1.89 0.044

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.
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A.2 SYSTEMATIC DELETION OF DATA SET WITH 30% REDUCTION

Table A2: Comparing the Original Data Set and 120 Samples with 30% Reduction

Dataset  Estimate StdErr t-stat p-value

Original -25.0 1294 -1.93 0.0413
Samplel -29.2 1311 -2.23 0.025
Sample2 -28.3 1342 -2.11 0.031
Sample3 -25.8  13.63 -1.90 0.044
Sample4 -27.2  13.68 -1.99 0.038
Sampleb -28.7  14.14  -2.03 0.035
Sample6 -29.4 1439 -2.04 0.034
Sample7 -29.0 1394 -2.08 0.032
Sample8 -25.6  12.62 -2.03 0.035
Sample9 277 12,72 -2.18 0.027
Samplel0 -25.3  13.07 -1.93 0.041
Samplell -26.6  13.12  -2.03 0.035
Samplel?2 -28.1 13.49 -2.08 0.032
Samplel3 -28.8  13.89 -2.07 0.032
Samplel4 -28.4 1327 -2.14 0.029
Samplel) -25.1  12.06 -2.08 0.032
Samplel6 244 1329 -1.84 0.048
Samplel7 -25.7 1342 -1.92 0.042
Samplel8 -27.2 1381 -1.97 0.038
Samplel9 =279  14.06  -1.99 0.037
Sample20 =275 13.66  -2.02 0.036
Sample21 -24.2 1234 -1.96 0.039
Sample22 -23.3  13.73  -1.70 0.060
Sample23 -24.8 1410 -1.76 0.055
Sample24 -25.5 1446 -1.76 0.054
Sample25 -25.1  13.86 -1.81 0.050
Sample26 -21.7 12,67 -1.71 0.059
Sample27 -26.1  14.10 -1.85 0.047
Sample28 -26.8  14.52 -1.85 0.047
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Table A2: (continued) Comparing the Original Data Set and 120 Samples with 30% Reduc-

tion.

Dataset Estimate StdErr t-stat p-value
Sample29 -26.4 1395 -1.89 0.044
Sample30 -23.1 12,74 -1.81 0.050
Sample31 -28.3  14.86 -1.90 0.043
Sample32 -27.9 14.37  -1.94 0.040
Sample33 -24.6  13.01 -1.89 0.044
Sample34 -28.6  14.56 -1.97 0.039
Sample35 -25.3 1340 -1.89 0.044
Sample36 -24.9 1290 -1.93 0.041
Sample37 -27.3 1210 -2.25 0.024
Sample38 -24.8 1246  -1.99 0.037
Sample39 -26.1 12.53  -2.09 0.032
Sample40 276 1282 -2.15 0.028
Sample41 -28.3 1325 -2.14 0.029
Sample4?2 =279 12.64 -2.21 0.026
Sample43 -24.6 1141 -2.15 0.028
Sampled4 -23.9  12.68 -1.89 0.044
Sample4b -25.3 1283 -1.97 0.039
Sample46 -26.8  13.15 -2.03 0.035
Sample47 =275 1341 -2.05 0.034
Sampled8 -27.1 13.04 -2.08 0.032
Sample49 -23.7  11.70  -2.03 0.035
Sample50 -22.8  13.15 -1.73 0.057
Sample51 -24.3 1345 -1.81 0.051
Sample52 -25.0  13.82 -1.81 0.050
Sampleb3 -24.6 1324 -1.86 0.046
Sample54 -21.3 12.05 -1.76 0.054
Sampleb5h -25.6 1347 -1.90 0.043
Sample56 -26.3 1390 -1.89 0.044
Sampleb7 -25.9 1335 -1.94 0.040
Sampleb8 -22.6  12.13 -1.86 0.046
Sampleb9 -27.8 1418 -1.96 0.039
Sample60 =274 13.71 -2.00 0.037
Sample61 241 1232 -1.96 0.040
Sample62 -28.1 1390 -2.03 0.035
Sample63 -24.8 12,73 -1.95 0.040
Sample64 -24.4 1225 -1.99 0.037
Sample65 234 12.04 -1.94 0.040
Sample66 -24.7 1218 -2.03 0.035
Sample67 -26.2 1240 -2.11 0.030
Sample68 -26.9  12.83 -2.10 0.031
Sample69 -26.5  12.28 -2.16 0.028
Sample70 -23.2  11.04 -2.10 0.031
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Table A2: (continued) Comparing the Original Data Set and 120 Samples with 30% Reduc-

tion.

Dataset Estimate StdErr t-stat p-value
Sample71 -22.2 12,65 -1.76 0.055
Sample72 -23.7 1285 -1.85 0.047
Sample73 -24.4 1338 -1.83 0.049
Sample74 -24.0  12.62 -1.90 0.043
Sample7) -20.7  11.55 -1.79 0.052
Sample76 -25.1 12.87  -1.95 0.040
Sample77 -25.8 1346 -1.92 0.042
Sample78 -25.4  12.73  -1.99 0.037
Sample79 -22.0 11.64 -1.89 0.044
Sample80 -27.3  13.64 -2.00 0.037
Sample81 -26.9  13.00 -2.07 0.033
Sample82 -23.5 11.711 -2.01 0.036
Sample83 276 13.34  -2.07 0.033
Sample84 -24.2 1229 -1.97 0.038
Sample85 -23.8  11.63 -2.05 0.034
Sample86 -21.4 12.86 -1.66 0.064
Sample87 -22.9  13.09 -1.75 0.056
Sample88 -23.6 1347 -1.75 0.055
Sample89 -23.2 1293 -1.79 0.052
Sample90 -19.8  11.74  -1.69 0.061
Sample9l -24.2 1319 -1.83 0.048
Sample92 -249 1362 -1.83 0.049
Sample93 -24.5 1312 -1.87 0.046
Sample94 -21.2 1191 -1.78 0.053
Sample95 -26.4  13.82 -1.91 0.043
Sample96 -26.0 1341 -1.94 0.041
Sample97 -22.7  12.01 -1.89 0.044
Sample98 -26.7  13.59 -1.97 0.039
Sample99 -23.4 1242 -1.88 0.045
Sample100 -23.0  12.00 -1.91 0.042
Samplel01 -21.7 1358  -1.60 0.070
Sample102 -22.4 1411 -1.59 0.071
Samplel03 -22.0 1341 -1.64 0.066
Samplel04 -18.7  12.35 -1.51 0.081
Sample105 -23.9 1431 -1.67 0.063
Samplel06 -23.5 1369 -1.72 0.058
Samplel07 -20.2 1245 -1.62 0.068
Samplel08 -24.2 1398 -1.73 0.057
Sample109 -20.9 1297 -1.61 0.069
Samplel10 -20.5  12.33  -1.66 0.064
Samplelll -25.3  14.33 -1.76 0.054
Samplel12 -249  13.75 -1.81 0.050
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Table A2: (continued) Comparing the Original Data Set and 120 Samples with 30% Reduc-

tion.

Dataset Estimate StdErr t-stat p-value

Samplel13 -21.5 1248 -1.72 0.058
Samplel14 -25.6 14.10 -1.81 0.050
Samplel15 -22.2 13.06 -1.70 0.060
Samplel16 -21.8 1246 -1.75 0.055
Samplell7 271 14.35 -1.89 0.044
Samplel18 -23.7 1313 -1.81 0.050
Samplel119 -23.3 1261 -1.85 0.047
Samplel20 -24.0 1294 -1.86 0.046

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.
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APPENDIX B

BOOTSTRAP DELETION

B.1 BOOTSTRAP DELETION OF DATA SET WITH 10% REDUCTION

Table B1: Comparing the Original Data Set and 50 Bootstrap Samples with 10% Reduction

Dataset Estimate StdErr t-stat p-value
Original -25.0 1294 -1.93 0.0413
Bootstrapl -25.0 15.12  -1.66 0.064
Bootstrap2 -28.7 12.28 -2.34 0.021
Bootstrap3 =275 14.25 -1.93 0.041
Bootstrap4 -29.1 13.31 -2.19 0.027
Bootstrapd -29.0 12.74  -2.28 0.023
Bootstrap6 -23.4 10.82 -2.16 0.028
Bootstrap7 -23.6 12.88 -1.83 0.049
Bootstrap8 -29.8 15.14  -1.97 0.039
Bootstrap9 -23.4  12.04 -1.95 0.040
Bootstrapl0 -26.6  13.77 -1.93 0.041
Bootstrapl1 -24.0 12.70  -1.89 0.044
Bootstrap12 -23.5 10.85  -2.17 0.028
Bootstrapl3 -29.7  11.07 -2.69 0.011
Bootstrapl4 -25.2 11.44  -2.20 0.026
Bootstraplh -245 1338 -1.83 0.049
Bootstrap16 -29.7 14.15 -2.10 0.031
Bootstrapl7 -29.6 13.90 -2.13 0.029
Bootstrapl8 -23.3 13.38 -1.74 0.056
Bootstrap19 =222 12.04 -1.84 0.047
Bootstrap20 -26.7  14.40 -1.86 0.046
Bootstrap21 -29.7  13.84 -2.14 0.029
Bootstrap22 -28.1 12.99 -2.16 0.028
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B1: (continued) Comparing the Original Data Set and 50 Bootstrap Samples with 10% Re-

duction.
Dataset Estimate StdErr t-stat p-value
Bootstrap23 -25.0  12.06 -2.07 0.033
Bootstrap24 -28.6 13.39 -2.14 0.029
Bootstrap2b -27.8 14.22  -1.95 0.040
Bootstrap26 =277 1148 -2.41 0.018
Bootstrap27 -29.4 14.16  -2.07 0.032
Bootstrap28 -26.7  13.36 -2.00 0.037
Bootstrap29 -26.1 14.72  -1.78 0.053
Bootstrap30 -26.4  13.37  -1.97 0.038
Bootstrap31 -25.9 14.03 -1.85 0.047
Bootstrap32 -26.0 1358 -1.91 0.042
Bootstrap33 -29.5 13.20 -2.23 0.025
Bootstrap34 -24.3 13.73 -1.77 0.054
Bootstrap3s -25.8  12.81 -2.02 0.036
Bootstrap36 -22.9 11.39 -2.01 0.036
Bootstrap37 -30.7  13.53  -2.27 0.023
Bootstrap38 -30.1 13.92  -2.16 0.028
Bootstrap39 -28.2  13.25 -2.13 0.030
Bootstrap40 -23.5 13.86 -1.70 0.060
Bootstrap41 -31.2 11.81 -2.64 0.012
Bootstrap42 -25.8  12.01 -2.14 0.029
Bootstrap43 -26.0  13.02 -1.99 0.037
Bootstrap44 -23.8 13.01 -1.83 0.049
Bootstrap4b -25.8 13.43 -1.92 0.042
Bootstrap46 -32.3 12.68 -2.55 0.014
Bootstrap47 =317 1290 -2.45 0.017
Bootstrap48 -25.0 1275 -1.96 0.039
Bootstrap49 -22.7  11.21  -2.02 0.035
Bootstrap50 -26.4  12.79 -2.07 0.033

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.
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B.2 BOOTSTRAP DELETION OF DATA SET WITH 20% REDUCTION

Table B2: Comparing the Original Data Set and 50 Bootstrap Samples with 20% Reduction

Dataset Estimate StdErr t-stat p-value
Original -25.0 1294 -1.93 0.0413
Bootstrapl -24.3 13.44  -1.81 0.050
Bootstrap2 -26.3 14.37 -1.83 0.048
Bootstrap3 -30.0  15.05 -1.99 0.037
Bootstrap4 -28.6 13.23  -2.16 0.028
Bootstrapb -26.7 1251  -2.14 0.029
Bootstrap6 -25.7 13.32  -1.93 0.041
Bootstrap7 =274 13.68 -2.01 0.036
Bootstrap8 -26.6  13.73 -1.93 0.041
Bootstrap9 -23.8 12.27  -1.94 0.040
Bootstrapl0 -249 1419 -1.75 0.055
Bootstrapll -26.6  13.24 -2.01 0.036
Bootstrap12 -26.3 14.30 -1.84 0.048
Bootstrap13 -28.8 12,76 -2.25 0.024
Bootstrapl4 -24.9 11.19 -2.22 0.025
Bootstraplh =227 15.21  -1.50 0.083
Bootstrap16 -23.8 12.20 -1.95 0.040
Bootstrapl7 -31.4 13.84 -2.27 0.023
Bootstrapl8 -24.6  12.23 -2.01 0.036
Bootstrap19 -29.1 1318 -2.21 0.026
Bootstrap20 -26.9 12.80 -2.10 0.031
Bootstrap21 -29.4 12.67 -2.32 0.021
Bootstrap22 -25.5 13.22 -1.93 0.041
Bootstrap23 -32.0 12.29 -2.60 0.013
Bootstrap24 -26.8 15.37  -1.75 0.056
Bootstrap2) -28.7 1477 -1.95 0.040
Bootstrap26 -29.8 11.78 -2.53 0.015
Bootstrap27 -22.2 1212 -1.83 0.049
Bootstrap28 -29.7  14.48 -2.05 0.034
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Table B2: (continued) Comparing the Original Data Set and 50 Bootstrap Samples with 20%

Reduction.
Dataset Estimate StdErr t-stat p-value
Bootstrap29 -25.4  13.85 -1.83 0.048
Bootstrap30 -24.2  12.03 -2.01 0.036
Bootstrap31 -23.6  11.64 -2.03 0.035
Bootstrap32 -25.0  13.07 -1.91 0.042
Bootstrap33 -28.1 12.76  -2.20 0.026
Bootstrap34 -21.5 11.68 -1.84 0.047
Bootstrap3s -21.5 13.73 -1.57 0.074
Bootstrap36 -28.4 11.28 -2.52 0.015
Bootstrap37 -29.2 13.78  -2.12 0.030
Bootstrap38 =227 13.06 -1.74 0.056
Bootstrap39 -259 1419 -1.83 0.049
Bootstrap40 -26.6  13.38 -1.99 0.037
Bootstrap41 -22.9 12.35 -1.86 0.046
Bootstrap42 -31.0 15.08 -2.05 0.034
Bootstrap43 -27.7 12.82 -2.16 0.028
Bootstrap44 -27.2 13.88  -1.96 0.039
Bootstrap4h -23.6  15.27 -1.55 0.076
Bootstrap46 -32.1 12.99 -2.47 0.016
Bootstrap47 -30.4  12.89 -2.36 0.020
Bootstrap48 -24.7  15.29 -1.61 0.069
Bootstrap49 =277 1220 -2.27 0.023
Bootstraps0 -23.0 11.72 -1.97 0.039

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.
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B.3 BOOTSTRAP DELETION OF DATA SET WITH 30% REDUCTION

Table B3: Comparing the Original Data Set and 50 Bootstrap Samples with 30% Reduction

Dataset Estimate StdErr t-stat p-value
Original -25.0 1294 -1.93 0.0413
Bootstrapl -23.9 12.06 -1.98 0.038
Bootstrap2 -27.1 13.51 -2.01 0.036
Bootstrap3 -26.8 14.73 -1.82 0.049
Bootstrap4 -21.3  13.01 -1.64 0.066
Bootstrapd -27.0  13.07 -2.07 0.033
Bootstrap6 -23.3 10.74  -2.17 0.027
Bootstrap7 -24.9 14.06 -1.77 0.053
Bootstrap8 -26.2 1340 -1.95 0.040
Bootstrap9 -26.3 13.42  -1.96 0.039
Bootstrap10 -31.9 14.37 -2.22 0.025
Bootstrapl1 -27.0 11.82 -2.28 0.023
Bootstrap12 -30.9 14.07  -2.20 0.026
Bootstrap13 -23.7 1283 -1.84 0.048
Bootstrap14 -25.3 10.89 -2.33 0.021
Bootstraplh =277 12,62 -2.19 0.027
Bootstrap16 -23.3 12.16  -1.91 0.042
Bootstrapl7 -26.8 13.98 -1.91 0.042
Bootstrapl8 -30.8 14.88 -2.07 0.033
Bootstrap19 -23.5 12.36  -1.90 0.043
Bootstrap20 -294 1392 -2.11 0.031
Bootstrap21 -35.3 12.76  -2.77 0.010
Bootstrap22 -26.8 14.03 -1.91 0.043
Bootstrap23 -24.7  13.54 -1.82 0.049
Bootstrap24 -26.6  12.69 -2.10 0.031
Bootstrap2) -31.2  15.66 -1.99 0.037
Bootstrap26 -24.7 12.80 -1.93 0.041
Bootstrap27 -24.6 11.97  -2.05 0.034
Bootstrap28 -35.2  16.57  -2.12 0.030
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Table B3: (continued) Comparing the Original Data Set and 50 Bootstrap Samples with 30%

Reduction.
Dataset Estimate StdErr t-stat p-value
Bootstrap29 -26.5 12.34 -2.14 0.029
Bootstrap30 -27.0 12.56  -2.15 0.029
Bootstrap31 -25.7  12.65 -2.03 0.035
Bootstrap32 -19.1 12.06 -1.59 0.072
Bootstrap33 -25.5 14.16  -1.80 0.051
Bootstrap34 -32.1 14.51  -2.21 0.026
Bootstrap3s -24.7 11.74  -2.10 0.031
Bootstrap36 -25.6 13.31 -1.93 0.042
Bootstrap37 -24.6  12.71  -1.94 0.041
Bootstrap38 =277 12.89  -2.15 0.029
Bootstrap39 -22.5  13.08 -1.72 0.058
Bootstrap40 -26.4 1298 -2.04 0.035
Bootstrap41 -31.2 12.69 -2.46 0.017
Bootstrap42 -189  14.43 -1.31 0.110
Bootstrap43 -29.2  12.04 -2.43 0.018
Bootstrap44 -29.0 1491 -1.94 0.040
Bootstrap4b -26.0 14.10 -1.84 0.048
Bootstrap46 -20.7 12.21  -1.69 0.061
Bootstrap47 -27.0 13.08 -2.06 0.033
Bootstrap48 -26.7  11.15 -2.40 0.019
Bootstrap49 -27.8 13.06 -2.13 0.030
Bootstrap50 -29.9 1549 -1.93 0.041

Note: The degree of the t statistics is 10 and the p-value is based on a one-sided testing.
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