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Background: Quantitative analysis can be used in combi-
nation with fluorescence microscopy. Although the
human eye is able to obtain good qualitative results, when
analyzing the spatial organization of telomeres in inter-
phase nuclei, there is a need for quantitative results based
on image analysis.

Methods: We developed a tool for analyzing three-dimen-
sional images of telomeres stained by fluorescence in situ
hybridization in interphase nuclei with DNA counterstained
with 4',6-diamidino-2-phenylindole. After deconvolution of
the image, we segmented individual telomeres. From the
location of the telomeres we derived a distribution para-
meter py, which indicated whether the telomeres were in a
disk (p7> 1) or not (py~ 1). We sorted mouse lymphocyte
nuclei and measured p;. We also performed a bromodeox-
yuridine synchronous cell sorting experiment on live cells
and measured prat several instances.

Results: Measuring p; for nuclei in G0/G1, S, and G2
produced 1.4 * 0.1, 1.5 = 0.2, and 14 * 2, respec-
tively, showing a significant difference between G2 and
GO0/G1 or S. For the bromodeoxyuridine synchronous
cell sorting experiment, we found a cell cycle depen-
dency of py and a correlation between p; and an
observer.

Conclusions: In this study we present a quantitative
method to characterize the organization of telomeres using
three-dimensional imaging, image processing, and image
analysis. © 2005 International Society for Analytical Cytology
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processing; fluorescence microscopy; fluorescence in situ
hybridization

Mack Fulwyler was a pioneer in the introduction of
modern technology for the analysis of cells and cellular
constituents. His work was essential in turning qualitative
descriptions in biology into quantitative ones. Further, he
understood how it was possible to use these quantitative
descriptions to study the dynamics of cellular processes.
His interests were not limited to the use of fluorescence in
flow cytometry; he realized how fluorescence digital ima-
ging microscopy could provide the tools to answer many
questions that were not approachable through fluores-
cence-activated cell sorting. He also saw how the combi-
nation of the two, flow cytometry and image cytometry,
could provide an even more powerful mechanism for
studying what we have come to know as system biology.

With the advent of sequence-specific DNA probes, the
use of fluorescence microscopy in cancer and genetics
research has steadily grown. Continuous improvements in
fluorescence microscopic methods (hardware and soft-
ware), specific labeling methods (wetware), and better
understanding of the genome function and structure
(bioinformatics) currently enable us to detect almost any

DNA sequence, gene, or chromosome region with high
sensitivity and to address the central question: “What does
it mean?”

Because fluorescence methods in most cases are based
on digital imaging, quantitative analysis can be used and
has become a crucial part of the methodologies. These
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Table 1
Characteristics of Microscope System*
FWHMy,eral 200 nm
FWHM, a1 400 nm
Ax 106 nm
Ay 106 nm
Az 200 nm
M 63X
NA 1.4
Filters DAPI, Cy3

Typical image size

200 X 200 X 100 pixels

*FWHM, full width at half maximum; M, magnification; NA,
numerical aperture.

methods, therefore, require suitable quantitative image
analysis procedures and algorithms. As one of the last
links in the chain, the algorithms being used must take
into account the entire procedure that is being used,
including the optical properties of the microscope and
system, nature of the probes, and instrument parameters
for the acquisition.

The organization of the interphase nucleus has been stu-
died since the late 19th century (1). It is now well accepted
that the position of chromosomes in the nucleus plays an
important role in gene regulation (2). Recently, interest has
also focused on telomeres whose importance to genomic
stability was recognized as early as in the 1930s (3).

We have developed a method of studying the spatial
organization of the genome in the three-dimensional (3D)
interphase nucleus using flow sorted living cells. We ana-
lyze digital images of the 3D organization of the telomeres
and how their positions change during the cell cycle. This
method enables us to determine for the first time that telo-
mere organization is cell cycle dependent with assembly
of telomeres into a telomeric disk in G2 phase. Further,
this disk formation is disrupted in tumor cells (4).

In this work we describe in more detail the algorithms
that have been developed for the quantitative analysis of
the telomeres in interphase nuclei. It can be extended to
include centromeres and whole chromosomes.

MATERIALS AND METHODS
Cell Preparation

We studied two different cell nuclei populations based
on mouse B lymphocytes. In the first case, immortalized
mouse B lymphocyte cells were sorted according to their
DNA content for the determination of GO/G1, S, or G2
phase. Cell cycle fractions were quantified through fluor-
escent-activated cell sorted analysis (4). Flow analyses
were performed on an EPICS Altra cytometer operating
under Multicycle software (Beckman-Coulter, Paris, France).
Approximately 10 to 15 nuclei from each phase were ana-
lyzed for this study, representing a total of 35 cell nuclei.

To further study the phase transition timing along the
cell cycle, we used the synchronous bromodeoxyuridine
@BrdU) sorting method (4). The mouse B lymphocytes
were labeled in vivo with BrdU. All BrdU-positive cells
(i.e., cells in S phase, replicating their DNA) were live

sorted and placed into culture. Populations of nuclei were
then harvested at different times (3, 3.5, 4.5, 5.5, 6.5, 7.5,
8, 8.5, and 9.5 h) of which approximately 20 nuclei were
analyzed, representing a total of 180 cell nuclei.

For measurement of the telomeric disk, cells were first
fixed and then telomere fluorescence in situ hybridization
(FISH) was performed as describe previously (5) using a
Cy3labeled peptide nucleic acid (PNA) probe (DAKO,
Glostrup, Denmark). 4’6-Diamidin(}2-phynylindole (DAPD)
was used as a DNA-specific counterstain. Telomere hybridi-
zations were specific and we verified the correct number of
telomeric signals observed at the ends of chromosomes pre-
pared from primary cells using two-dimensional (2D) FISH
metaphase spreads. The lymphocytes were fixed in such a
way that the 3D structure of the nuclei was conserved (4).

3D Image Acquisition

For analysis of the telomere distribution, images were
acquired with a Zeiss Axioplan 2 with a cooled AxioCam
HR CCD in combination with a PlanApo 63X1.4 oil
immersion objective (Zeiss). This gave a pixel (sampling)
distance in the lateral plane of Ax = Ay = 106 nm. The
axial sampling distance between planes was Az = 200
nm. The point spread function (psf) of the objective,
which determines the optical resolution, gave a full width
at half maximum of approximately 200 nm in the lateral
direction and 400 nm in the axial direction. Typical image
size was 200 X 200 X 100 pixels. Table 1 shows a sum-
mary of these values for this imaging system.

Figure 1 illustrates the system resolution. An image of a
pair of telomeres relatively far apart and an image of a pair
close together are shown. It is clear that the telomeres at a
distance of 1200 nm can be easily distinguished and telo-
meres at a distance of 400 nm are just barely separable.
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Fic. 1. Demonstration of the spatial resolution of our measurements.
Two pairs of telomeres are shown: 1200 nm apart (top), which can be
easily separated, and 400 nm apart (bottom). Inserts show the original
image and graphs show the line section though the telomeres.
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After deconvolution:

Before deconvolution:

Fic. 2. Demonstration of the effect of deconvolution. The left image is before deconvolution and the right after deconvolution. We clearly see that the left
image has more blur and has less contrast than the right image. Both images are shown with a linear contrast stretch.

3D Image Processing

The 3D digital images were processed to improve the
resolution by using constrained iterative maximum likeli-
hood deconvolution (6), which is available in AxioVision
3.1 (Zeiss) software. This deconvolution method was cho-
sen for this work because it has been shown to provide
the best results (7). In this procedure we seek to find the
most likely original image that could have produced the
observed data. This devolves into minimizing a measure-
ment between the recorded image and a blurred estimate
of the object assuming (a) a certain model for the image
noise (Poisson) and (b) separate estimates for the back-
ground and the psf. Poisson noise is an excellent model
for the random variations found in fluorescent images
acquired through high-quality CCD cameras. Our estimate
for the psf was based on a theoretical calculation (8). In
this specific case we work with the log-likelihood function
$(@ which is given by:

b(f) =Y Hf — g In(Hf +b) + v[f|* (1)

where g is the digital fluorescence image that was
recorded, b is an estimate of the digital image background,
H is the psf of the imaging system, vy is a scalar “regulariza-
tion” parameter that we are free to choose, and f is the ori-
ginal image that we would like to estimate. Equation 1 is a
concatenation of equations 4 and 5 in Verveer et al. (7).
The iterative algorithm seeks an image f that minimizes
&@® and thereby produces the most likely f that could
have given rise to the measured g.

Further, the deconvolution works with the constraint
that the final restored image should consist of only non-
negative numbers because we cannot have a negative
number of photons. An example of the result of applying
this procedure to telomere images is shown in Figure 2.
After restoration, the image is interpolated in the axial (2)
direction from Az to Az so that the sampling distance in
all three directions is the same: Az = Ax = Ay = 106 nm.

3D Image Segmentation and Analysis

Image segmentation and analysis of deconvolved 3D
images of cells with labeled telomeres have been per-
formed with a sequence of procedures that we have
bundled together and named TeloView. The procedures
themselves are from our image software library DIPImage,
which is available as public domain software (http://
www.qi.tnw.tudelft.nl/DIPlib/). The version of DIPImage
used in this development operates under MatLab (The
MathWorks, Natick, MA, USA).

TeloView loads the 3D image and displays a maximum
projection along the three main optical axes. Although
thresholds and other parameters can be adjusted for dis-
play purposes, the analysis is performed on the original
3D data. After segmentation the 2D display indicates the
location of the automatically found spots for verification.
The user interface is shown in Figure 3.
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Fic. 3. Screenshot of the interface of TeloView. The screen shows three
displays with maximum intensity projections along the three main axes.
It also shows crosses at the locations where the software identified a telo-
mere.
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Segmentation Algorithm
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Before starting the segmentation we pre-process the
data by smoothing with a 3D Gaussian kernel. Figure 4
shows how the data are transformed during the different
steps of segmentation. For segmentation of the individual
telomeres we have chosen an algorithm based on a mor-
phologic TopHat transformation (9,10). The TopHat trans-
form on an image A with structuring element B is defined
as follows (11).

To find objects with high intensity (“light” objects):

TopHat(4,B) = A — mélx(ngn(A)) (2)

To find objects with low intensity (“dark” objects):

TopHat(4, B) = mBin(mgx(A)) —A (3)

The “structuring element,” B, can be a quite general 3D
gray-value object, but in our case we have chosen for the
simple case that B is spherical. B should be larger than the
objects that are being sought but smaller than any shading
in the background. For a gray-scale image of telomeres,
the telomeres would be our objects and any nonspecific
binding of Cy3 uniform spread over the nucleus gives us
shading. Thus, for our case, this translates to a spherical B
with radius 742 nm (7 pixels).

After the TopHat transform, the resulting image is thre-
sholded with a user-chosen value to produce a binary
mask. To eliminate noise spikes that may remain, we con-
clude with an erosion. This algorithm gives satisfying
results for small telomeres. Using the binary image mask
from the segmentation, the center of gravity of each dot is

dot, where 7 is the index number of the dot.

Analysis

Observing the organization of telomeres in many cells,
we see that the envelope shape of the telomeres is usually
a spheroid, as illustrated in Figure 5. A spheroid is a geo-

Telomeric Territory

Fic. 5. The telomeric territory can be given by a convex body contain-
ing all the telomeres. In most cases this envelope can be approximated by
a geometric figure called a spheroid.
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Fi. 6. The telomeric territory is characterized as an oblate spheroid,
where two of the main axes, a and b, are of equal length and the third
main axis, ¢, is shorter. The ratio p; = a/c now gives a measure of the flat-
ness of the spheroid.

metric figure, like an ellipsoid, where the two main axes,
a and b, are equal, and the third axis ¢ has a different
length, c¢. This is shown in Figure 6. If 2 = ¢, we have a
sphere; if a < ¢, we have a prolate spheroid; and if a > c,
we have an oblate spheroid. We can therefore define a tel-
omere ratio parameter, py, which gives us a measurement
of the disk-like nature of this organization. If py ~ 1, then
the telomeres are distributed in a spherical way within the
cell. However, if p; > 1, then the telomeric territory is
more disk-like. In the following, we describe how we
determine py-.

Given the spatial coordinates of every spot (x;, y;, z; |
i=1,2,..., N), we rotate the original spatial coordinates
(x, 9, 2) to a new orthogonal coordinate system such that
the distance from the spots to the new axes is minimized.
This procedure is known as a principal component analy-
sis (12). To accomplish this, we calculate the singular
values (eigenvalues) of the covariance matrix of the data
points. The three singular values, N\; > N, > A3, are real
and positive and can be ordered. They are the variances of
the distances from the spots to the new principal axes.
The standard deviation for each new axis is then given by:

o=\ (4)

From these standard deviations, we then define p; as:

7V0—w_2 (5)

pr =
T o3

Given that we work with ordered \s, we have:

pr=>1 (6)

RESULTS

Results of the analysis of the cell-sorted mouse lympho-
cytes are presented in Table 2. Here we see small values
(close to 1) of p; for nuclei in GO/G1 and S phases, which
indicate that telomeres are distributed throughout the

Table 2
Results of Phase-Sorted Cells
Phase pr
G0/G1 1.4 0.1
S 1.5 *+0.2
G2 14 £ 2

cell. For the telomeres in G2, however, there is a high
value of py indicating that the telomeres form a disk. A sta-
tistical analysis, using a two-sample Student’s ¢ test with
unequal variances, indicates a significant difference in py
between GO/G1 and G2 phases (P < 0.01) and between S
and G2 phases (P < 0.01). An example of typical distribu-
tions of telomeres in lymphocytes is shown in Figure 7.

The results of the BrdU synchronization experiment
can be seen in Figure 8. In the left graph we see the
results of nuclei counted by a human observer. The obser-
ver was presented with a 2D computer display of the 3D
distribution. A display of the DAPI counterstain indicated
the position of the total DNA.

The nuclei are divided into three groups: (a) nuclei with
telomeres in a disk, (b) nuclei in mitosis, and (¢) other
nuclei (interphase nuclei without a telomeric disk). At 3.5
h, 90% of nuclei show a telomeric disk. Based on timing
since S phase, most nuclei are believed to be in late G2.
After this point, cells continue through the cell cycle,
enter into prometaphase and metaphase (i.e., mitosis),
and the number of cells in G2, accordingly, decreases.
This correlates with the observation that the fraction of
cells with a telomeric disk decreases and the number of
cells going into mitosis increases.

In the right graph of Figure 8 we show the result of py
calculations on the same population of nuclei. We also

3D
reconstruction

Fic. 7. Three typical distributions of telomeres. A nucleus is seen in
G0/G1 phase (top), S phase (middle), and G2 phase (bottom). Every
nucleus is shown in top view (Xy plane), in side view (xz plane), and as a
3D visualization. We clearly see that the telomeres in GO/G1 and S phases
are distributed throughout the nucleus, whereas those in G2 phase line
up into a disk.
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observe that the spread of p,increases and reaches a max-
imum at 7.5 h. This coincides with the left graph, where
we see an increase in the number of cells without a telo-
meric disk relative to the number with a telomeric disk.
The right graph, however, does not correspond exactly to
the left graph calculated by the observer because it calcu-
lates the average p; value of the complete population of
nuclei at that time point; the nuclei can be in different cell
phases. By using a threshold on the py value, it is possible
to imitate the classification of nuclei in a disk. If we
choose a threshold of 6.7 between nuclei in a disk (p >
6.7) and others, we can calculate the fraction of these
nuclei and get approximately the same curve as the
human observer got. Apparently this is the subjective
threshold that was selected when the left graph of Figure
8 was created.

In Figure 8 we notice that the fraction of cells in mitosis
at 7.5 h is twice as high as those with a disk. In Figure 9
we see the histogram of the data at 7.5 h, which suggests
two populations with twice the amount of low p; cells
compared with high p cells. In the box plot in Figure 8,
we also see outliers that are easily explained if the data
within the box and whiskers are from the population with
low pyand the outliers are from the population with high
pr The outliers in Figure 8 at £ = 8.5 h, for example, are
due to the last few cells from the G2 population that have
not yet entered mitosis.

DISCUSSION

For the first time we show that the telomere organiza-
tion in the nucleus can be characterized and is cell cycle
dependent. It is very important to recognize the need for
3D image processing for quantification where objective
measurements are preferable above the subjective view of
an individual. We have developed an objective means to
quantify and analyze the spatial arrangement of telomeres,
a task that is, essentially, too difficult for ordinary human
vision that can only do qualitative estimates. This is done
by calculating a parameter, p;, whose value measures the
disk-like compactness of the telomere distribution. We
show that py is significantly higher in cells in G2 than in
GO0/G1 or S, which suggests that the telomeres form a disk
during G2. This is also observed in a synchronous BrdU
sorted population, where high p; values are observed after

Time [hours]

3.5 h and where the disk phenomenon decreases as cells
leave G2. Although a human observer can only threshold
the data into fractions called “disk” or “no disk” with a
subjective threshold, our method allows this threshold,
but we can distill more information out of the data like
the distribution of the p; values. It may be valuable in the
future to combine these data with the DAPI intensity dis-
tribution that may allow distinguishing nuclei in mitosis
(based on intensity uniformity) from the other cell cycle
phases.

These findings shed new light on the cell cycle mechan-
ism. It remains to be determined whether the telomeric
disk is a precursor structure that will later position the
chromosomes into the equatorial disk.

Nevertheless, we have already observed that, in cancer
cells, the telomeres tend to form aggregates (4), which is
another indication to the large role that the organization
of the genome in the nucleus has in cancer development.

We are developing methods to quantify the size of a tel-
omere or telomere aggregates, where telomeres are found
in close association, as previously shown (4). It is there-
fore important to quantify such aggregates and test their
correlation with cancer progress. Aggregates are usually
significantly larger then individual telomeres. As a result,
our current algorithm tends to miss these spots because

Fraquency

Fic. 9. Histogram of measured prat 7.5 h after BrdU pulse labeling. The
histogram suggests two populations: one with low pyand one with high

pr
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the TopHat transform is sensitive to the size of the telo-
meres. Therefore, we are currently working on an
improved segmentation procedure based on a scale-space
algorithm (13) that looks most promising. Another sug-
gested path of research is to follow telomeres through the
entire cell cycle in living cells.
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