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Chapter 6

Inference of transcription
dynamics from snapshot

multi-color single molecule mRNA
FISH
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For many genes isogenic cells display large stochastic variations in the number
of mRNA molecules per cell. Noise strengths larger than that expected for a Poisson
distribution are in accordance with transcription occurring in short bursts of activity
interspersed with inactive periods. Distributions of transcript copy numbers have
been used to fit models of transcriptional bursting, but often the model parameters
are not well constrained by the data. Using simulations we show that fluorescence
in-situ hybridization (FISH) with multiple probe sets in different colors targeting
different regions of the same gene could significantly enhance the constraints on a
very general burst model to be able to infer the burst size statistics in a statistically
more significant manner. In this model the gene switches between two states,
active and inactive, but the durations of these states are described with general
distributions, equivalent to multi-step switching mechanisms between the two states.
We propose simple ways in which assumptions underlying the model could be tested
experimentally.

6.1 Introduction

Transcription of many genes occurs in short periods of activity called bursts
interspersed with periods of inactivity [Chubb 2006, Zenklusen 2008, Blake 2003,
Raser 2004]. This phenomenon has been observed on repressed as well as active
genes, either by direct time-resolved measurements or indirectly from transcript
copy number distributions in fixed cells and the observation of cells with very
high numbers of transcripts within a small region of the nucleus. Copy number
distributions of messenger RNAs of many genes show higher noise strength than
a poisson distribution [Zenklusen 2008, Taniguchi 2010, Raj 2006], in accordance
with burst models [Shahrezaei 2008b, Shahrezaei 2008b, Blake 2003]. However,
even with the most simple model of transcriptional bursting - a gene that
switches between on and off states with exponentially distributed waiting times
[Iyer-Biswas 2009, Raj 2006, Dobrzynski 2009] - a given mRNA distribution can be
fit with a wide range of parameter combinations for the model [Zenklusen 2008].
As a consequence, unbiased fitting of burst statistics from measured transcript copy
number distributions is problematic.

As discussed in chapter 5, the switching time distributions can become non-
exponential for many biologically relevant mechanisms and peaked distributions for
off times have been observed experimentally [Suter 2011, Harper 2011]. Similarly,
the distribution of the times between initiation events during an on phase can
be non-exponential, since this process also encompasses many steps, from the
assembly of general transcription factors and the polymerase to promoter clearance.
Such multi-step processes can lead to precise waiting time distributions for
the times between subsequent transcription events that have a lower dispersion
than an exponential distribution and to transcript copy number distributions
with a dispersion lower than that expected from a Poisson process. Such
distributions have been measured for the transcripts of some bacterial promoters
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[Kandhavelu 2012a, Kandhavelu 2012b, Muthukrishnan 2012]. The possibility of
non-exponential waiting times in this process further increases the space of
parameter combinations that are consistent with observed mRNA distributions.
As seen in chapters 3 and 4, transcript numbers can also scale with cell volume,
which presents another difficulty in fitting simple transcription models to data
from transcript counting experiments. One way to approach this problem is to
measure the production of mRNAs in time by using constructs with MS2 or PP7
repeats [Fusco 2003, Wu 2012a], necessitating genetic engineering. Moreover, when
monitoring the transcription site the fluorescence time traces obtained are often
rather noisy so that the dynamics of the transcription process need to be inferred
from the autocorrelation function [Larson 2011]. As the measured autocorrelation
function equals the sum of the autocorrelation function of the transcription process
and the autocorrelation function of the noise and possibly cross correlation terms
between the two processes, this involves the implicit assumption that the time
correlation of the process generating the noise is shorter than the time scale of the
biological processes. In order to constrain the parameter space for a general burst
model with non-exponential times in the on and off states additional information
on the times between transcription events would be needed that is not obtainable
from the autocorrelation function.

Here, we propose a different way of obtaining the time resolution that is
required to determine the statistics of transcription dynamics: from snapshots of the
number of elongating polymerases on a gene, inferred from mRNA FISH. The main
assumption that we make, is that the time that it takes for one Pol II molecule to
move a certain (large) number of base pairs along the gene has a narrow distribution
and that this distribution is the same for all molecules, i.e. polymerases do not
significantly affect each others’ progress. Whether this assumption holds can be seen
from the distributions of the number of nascent transcripts (see Section 6.2.4.1).

The number of elongating polymerases can be inferred from mRNA FISH
experiments because at the time of fixation the most recent transcription initiation
events have not yet lead to mature mRNAs, but to nascent transcripts. If there
are multiple nascent transcripts this is seen in the FISH image as a very bright
spot inside the nucleus. If elongation times are indeed precise, the time between a
recent initiation event and the fixation of the cell is reflected by the distance of that
polymerase from the transcription start site. Using probes in different colors that
are complementary to different regions of the mRNA, it should therefore be possible
to infer the positions of the elongating polymerase molecules. In the example shown
in figure 6.1, the blue fluorescence intensity corresponding to one molecule indicates
that only one polymerase molecule is in the last segment of the gene. The number
of polymerases in the middle segment (one) can be inferred from the difference
in intensities between blue and green, and the difference between green and red
indicates that there are two polymerases in the first segment. Although only limited
information about the position of polymerases can be inferred from this, simulations
indicate that this kind of data can be used to significantly improve the constraints
on parameter regions describing the underlying transcription dynamics as compared
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Figure 6.1: With precise elongation times, the time between an initiation event
and the time of fixing the cell, �t

x

, is translated into the position of the RNA
polymerase on the gene, �d

x

. Vertical black lines mark single initiation events, green
horizontal lines indicate on states. Colored dots indicate FISH probes.

to multiple single-color FISH experiments.

6.2 Results

6.2.1 A gene switch model with non-exponential waiting times

We assume a bursting model, where genes can switch between a transcriptionally
permissive on state and a non-permissive off state. The durations of both states
are described by general distributions, f

on

(t) and f
off

(t) (fig. 6.2; see chapter 5).
During an on state, transcription can be initiated and the times between initiation
events that occur within a single on phase are described by f

ini

(t). The information
that can be gained from mRNA-FISH experiments counting nascent transcripts,
i.e. transcripts that are still in the process of elongation, has two components:
the distributions of the number of nascent transcripts per cell for each probe and
the mRNA distribution on the one hand (which could be determined with single
color FISH), and correlations between the numbers of polymerases within certain
segments of the gene on the other hand (requiring multi-color FISH experiments).
The goal is to infer the three distributions (or ranges of possible combinations),
f
on

(t), f
off

(t), and f
ini

(t), from such data.
We use a queueing model to describe the transcription initiation and elongation

process. This model allows us to calculate the moments of the (nascent) transcript
number distribution (section 6.4.1.3) as well as the correlation between the numbers
of polymerases in certain segments (section 6.4.1.4) for different f

on

(t), f
off

(t) and
f
ini

(t) (fig. 6.2). We define elongation stages as the number of polymerases within
segments that are targeted by the different FISH probe sets. These stages form a line
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Figure 6.2: Gene switch model and queueing description. A transcription model
with two gene states with non exponential waiting times is considered. While the system
is in the on state, transcription is initiated with waiting times following f

ini

(t), elongating
polymerases proceed along subsequent segments of the gene. Each segment can be measured
experimentally using mRNA FISH with oligos complementary to the first section of that
segment and detecting nascent transcripts. The times for the elongation through one
segment is considered to be deterministic, i.e. distributed according to a Dirac delta
distribution, �(t = ⌧

elo

); degradation of mature mRNAs is modeled with an exponential
distribution.

of connected queues where the output of one queue forms the input for the following
one. The waiting time distributions for the switching between on and off states are
completely general, while we only consider exponential waiting times for f

ini

(t) in the
analytical solution of the model, but check for possible fits to the data with gamma
distributed or deterministic f

ini

(t) through simulations (section 6.2.2). Degradation
of mature mRNA is modeled as a first order process (exponential waiting time).
If necessary, this could be changed easily and the consistency of the data with
this assumption can be checked with the experimental results (section 6.2.4.3).
But the results from simulated data suggest that the distribution of the number
of mature mRNAs contains relatively little information about the transcription
dynamics. Therefore the inferred parameter ranges for f

on

(t), f
off

(t)and f
ini

(t)
are not sensitive to the assumption of first order mRNA degradation.

6.2.2 An algorithm for fitting multi-color FISH data to the gene
switch model

The first step in fitting data to the gene switch model is to select a distribution type
for f

on

(t) and f
off

(t). Distributions with a shape parameter that have a relatively
simple distributional form but can assume a variety of shapes are well suited to the
problem - for instance gamma, beta, and Weibull distributions. Switching between
on and off states in many organisms, particularly in eukaryotes, is a multi-step
process, with several protein complexes binding to the gene, histone modification
and nucleosome remodeling [Berger 2007, Weake 2010, Fuda 2009]. The compound
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waiting time distribution for such processes can usually well be approximated with
a gamma distribution as shown in chapter 5. Therefore, the parameter search
space for the fitting algorithm consists of gamma distributions for f

on

(t) and f
off

(t)
which allows to infer bounds on the averages and variances of the switching time
distributions. When parameter ranges consistent with data are found for gamma
distributed f

on

(t) and f
off

(t) we test the sensitivity of the inferred parameters
on the exact shape of the distribution by comparison of the burst statistics for
models that have the same mean and variance for f

on

(t) and f
off

(t) but differently
shaped distributions. Transcription initiation and promoter clearance also is a multi-
step process and therefore it should also be possible to approximate f

ini

(t) with
a gamma distribution (see chapter 5). However, obtaining analytical results for
expected correlations and moments of distributions is often only possible if f

ini

(t)
is either exponential or deterministic. Because of this, each parameter combination
in the initial search space consists of parameterizations for f

on

(t) and f
off

(t) and
an average time for transcription initiation.

The fitting algorithm works in a step-wise manner: information from the mRNA
copy number distribution is used first, then the variances of the numbers of nascent
transcripts with different probes and their cross correlations, lastly the probabilities
that no polymerase is observed in a certain segment is used. The first step consist of
selecting parameter combinations that are in accordance with the observed mRNA
distribution by comparing the first four moments of the observed mRNA distribution
to the ones calculated for the combination of f

on

(t) and f
off

(t) with f
ini

(t) as
exponential distribution (section 6.4.1.3).

To account for the possibility of non-exponentially distributed waiting times in
f
ini

(t), deviations between observed and calculated moments are allowed. The size
of the allowed deviation is estimated from simulations of switches with exponentially
distributed and deterministic waiting times for transcription initiation (sec 6.2.4.2).
These allowable deviations are added to the ones that derive from the uncertainty
in the measurements themselves which decrease with the square-root of the number
of measurements (central limit theorem).

In most cases, the mRNA distribution does not contain much information
about the transcription dynamics and many different parameter combinations can
reproduce this distribution. In a second step, parameter combinations consistent
with the first two moments of the distributions of nascent transcripts and their
correlations are selected in an analogous way (sec. 6.4.1.3). The probability of
observing zero nascent transcripts in a certain segment, which can be calculated
analytically (sec 6.4.1.2), is used in addition. Since this probability can be calculated
for general waiting time distributions, the allowed deviation is determined from
the uncertainty in the measurement alone (based on quantiles of the binomial
distribution) and all combinations of f

on

(t) and f
off

(t) that fulfill this requirement
with any distribution for f

ini

(t) are accepted. Finally, the remaining parameter
combinations are tested for consistency with the correlations between the numbers
of polymerases within certain segments of the gene conditional on zero polymerases
in a third segment. The probability that there are no polymerases in the first and
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third segment, but at least one in the second (denoted p(0-X-0)) correlates with the
probability of an on state.

6.2.3 Simulated example and comparison to single-color FISH data
from literature

In order to test the fitting algorithm and to obtain an idea on how well parameters
could be constrained with this method data was simulated for a gene switch model
that matches the experimental results described in [Zenklusen 2008]: distribution of
mRNA numbers per cell and distribution of nascent transcripts for a single probe
set. From the large range of parameters that fit these experimental observations,
one parameter set was chosen and the distributions for the second and third probe
sets were derived from simulations. 500 cells were simulated with three probe sets,
targeting the 5’ end, the 3’ end of the gene, and the middle of the gene (Fig.
6.3). From the distributions and their correlations, only relative time scales can be
determined so that all parameters are relative to the degradation rate of mRNA.
Measuring the half-live of mRNA could give an absolute time scale.

The results of the fitting algorithm applied to these simulated data are
summarized in Table 6.1 and figure 6.3: The distribution of the transcript number
per cell contains little information about the transcription dynamics, i.e. many
combinations of on and off durations can reproduce this type of distribution.
Simulations with other parameterizations show that this is true whenever the lifetime
of mRNA is longer than the timescales of the gene switch (as expected for many
yeast genes). In contrast, the combination of the copy number distributions of
nascent transcripts and correlations between them can narrow down the parameter
space significantly (Table 6.1). Even in this example acceptable fits to the simulated
data could be found with each tested distribution for f

on

(t) and f
off

(t) (varied as
Erlang distributions with 1 to 8 steps), but only certain combinations of these are
possible (fig. 6.3 (f)). In particular, if either f

on

(t) or f
off

(t) follows an exponential
distribution, the data can only be explained if the distribution of the other state is
rather precise (Erlang distribution with 5 or more steps) so that a lower bound on
the total number of steps for the transitions in on and off states combined can be
obtained.

mRNA distributions of correlations and exact
distribution nascent transcripts conditional distributions values

burstsize 0.4 - >13 1.3-7.9 1.8-3.8 3.6
noise in burstsize <3.3 0.2 - 1.8 0.4-1.6 0.7

⌧

on

/⌧

mRNA

* <0.25 <0.07 0.04
⌧

off

/⌧

mRNA

* 0.07 - 0.26 0.10-0.21 0.18
⌧

on

/(⌧
off

+ ⌧

on

) * 0.08-0.36 0.08-0.33 0.18

Table 6.1: Burst statistics inferred from simulated data. Parameter ranges for the
gene switch model based on the mRNA distribution, nascent transcript distributions, and
their correlations. Asterisks (*) indicate that within the tested parameter range the feature
is unconstrained.
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6.2.4 Sensitivity to model assumptions

6.2.4.1 Precise elongation times

The model assumes that the elongation process has a precise and reproducible time
for completion. This assumption derives from the fact that the elongation process
consists of hundreds of nucleotide addition steps. If the rates for all steps are similar
the resulting waiting time distribution for the overall process has much lower noise
than the individual steps. If that assumption holds, the positions of elongating
polymerases along the gene reflect the timing of the most recent transcription
initiation events. This would allow to infer possible ranges of time intervals between
initiation events from the observation of the numbers of nascent transcripts with
different FISH probes. A first way to test this assumption is to check whether
the average numbers of elongating polymerases agree with the length of the gene
segments (for experimental validation see fig. 6.12D). But a more stringent test is to
design two probes such that one is twice as far from the transcription termination
site as the other, creating two DNA segments of equal length. The distributions
of the number of elongating polymerases within the two segments are equal if the
elongation times are precise (h�2ti/hti2 << 1) and therefore the difference between
two such distributions can be used as an indicator whether or not the assumption
is valid (fig. 6.4, fig. 6.5).

Polymerase pausing [Darzacq 2007, Carrillo 2010, Kwak 2013] can lead to
waiting time distributions that are imprecise and to blocking/queuing of
polymerases. To test how much this would affect the statistics used for fitting of the
data to the gene switch model, simulations with a detailed model of elongation were
performed (fig. 6.4) where the average number of pauses per polymerase as well as
the average pause time was varied (fig. 6.5). The other parameters (distributions of
on and off times, initiation rates) were chosen as for the simulated example (section
6.2.3). As can be seen in Fig 6.5, short pauses (i.e. where the pause duration is less
than half the duration of the on state of the gene switch) have relatively small effects
on the distributions of the number of nascent transcripts, even if each polymerase
pauses several times.

Transcription termination in yeast can be accompanied by pausing, caused
by sequence and orientation specific regulatory pausing elements downstream of
the poly-A site [Birse 1997, Aranda 1999]. If termination dependent pausing is
significant, an additional FISH probe towards the end of the gene (upstream of
the polyA-site) might be required in order to separate the effects of initiation
and terminal pausing on the distributions of the numbers of nascent transcripts.
Unless pausing at the downstream element causes queues of polymerases that reach
beyond the last segment, the distributions of the numbers of polymerases in the
first segments are unaffected by the pausing and can therefore be used to determine
the transcription dynamics. For some of the yeast genes that contain introns
(budding yeast only has 296 intron containing genes), splicing related pausing in
the terminal exon has been observed by measuring profiles of nascent transcripts
[Carrillo 2010]. Pausing during elongation can lead to distributions of polymerases
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Figure 6.4: Model of transcription elongation including pausing and termination.
Initiation events occur according to a gene switch model (unless the promoter is occupied
by another polymerase molecule). Polymerases proceed stepwise along the gene whereby
a minimum distance between polymerases is maintained at all times (to account for steric
exclusion). At any time, there is a certain probability that a polymerase will enter a pause
state, for the simulations discussed here, this probability was independent of the position
along the gene. Pausing is described by a first passage time distribution after which a
polymerase exits the pause state. Comparison of the distributions obtained for segments
of equal length give an indication for the impact of pausing. The total variation distance
measures the absolute difference in two probability distributions (area of the dark gray
regions in the plot).
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waiting time distributions with average duration ⌧
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. Termination in this model was
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along a gene that are non-uniform. In contrast, most distributions that have been
observed experimentally only show a peak at the 5’end and otherwise an almost
uniform distribution of polymerases, consistent with uniform elongation velocities
throughout the gene [Mayer 2010]. A comparison of transcriptional activity and
the total number of polymerases on genes showed overall a very good correlation
for most genes with the exception of ribosome related and mitochondrial genes
[Pelechano 2009, Steinmetz 2006]. For those two gene classes the fraction of active
(vs total) polymerases on the genes seemed to be a regulated process. Inference of
transcription kinetics with the multi-color smFISH approach described here will not
be applicable to genes that are regulated on the level of elongation.

6.2.4.2 Waiting time distribution for transcription initiation/promoter
clearance (f

ini

(t))

To determine parameter ranges that are consistent with observed distributions
and correlations, two types of observable variables are used: (i) the relative
frequencies of occurrence of certain numbers or combinations of numbers of
elongating polymerases for different probes and (ii) moments of the copy number
distributions of mRNA and of elongating polymerases. Analytical expressions for
some of these variables are available only under the assumption that the waiting
time distribution for transcription initiation and promoter clearance, f

ini

(t), is an
exponential distribution. In those cases, a maximum allowed deviation between the
calculated variable and the estimator for the variable derived from measurements
needs to be specified to the algorithm to account for changes that are due to
the shape of f

ini

(t). The probability that there are zero elongating polymerases,
p(N

elo

= 0), depends on the inter-arrival time distribution only (section 6.4.1.2)
and can be calculated analytically for general shapes of waiting time distributions.
The algorithm used for parameter range estimation therefore calculates these
probabilities for all tested parameter combinations with either an exponential
distribution for f

ini

(t) or a deterministic time. A parameter combination is rejected
only if the range of probabilities estimated from measured frequencies is inconsistent
with the range of probabilities calculated for these two types of distributions for
f
ini

(t).
The moments of the mRNA copy number distribution as well as the distribution

of the number of elongating polymerases can be calculated analytically only under
the assumption that f

ini

(t) is an exponential distribution. To estimate the deviations
of these variables due to a waiting time distribution for initiation other than an
exponential distribution, pairs of simulations of on/off-switches were performed
with f

ini

(t) as either exponential or gamma distribution with shape parameter
equal to 100, but otherwise identical parameters. The average deviations between
the variables for such pairs of simulations are shown in figure 6.6 for 100 pairs
of simulations with randomized parameters. The probabilities calculated directly
from the inter-arrival time distribution (times between subsequent transcription
initiation events) are rather insensitive to the shape of f

ini

(t), while the moments of
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distributions (depending on the inter-arrival time distribution and its correlations)
show deviations up to 30% (higher moments showing higher deviations).
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Figure 6.6: The probabilities and conditional probabilities used for parameter
fitting are insensitive to the shape of f

ini

(t), while the moments of the
distributions change up to 30%. Pairs of simulations with f

ini

(t) as exponential or
as gamma distribution with shape parameter 100 with otherwise identical parameters were
run to determine the values of the variables used for parameter fitting. Gray bars indicate
the relative deviation between values from simulations with exponential f

ini

(t) to gamma
distributed f

ini

(t). Lifetime durations for on and off states were distributed according to
gamma distributions, with randomized parameters. Deviations are averages of 100 pairs of
simulations plus/min standard-deviations.

6.2.4.3 Lifetime distribution of mRNA

Calculations of the moments of the mRNA distribution assume exponentially
distributed lifetimes of mRNA and that the system has reached its steady state.
Whether or not the data is consistent with these assumptions can be checked with
the cross-correlations of the number of mature mRNA molecules and the number
of nascent transcripts (analytical derivation in sec. 6.4.1.4). In most cases the
final parameter range that is consistent with measurements will be defined by the
distributions of the number of nascent transcripts and their correlations alone. The
assumptions about the mRNA distributions therefore do not affect the inference of
transcription dynamics.

6.2.5 The effects of extrinsic noise on the interpretation of fitting
results

The queueing model captures the effects of intrinsic noise caused by the transitions
between on and off states. But cells are also subject to extrinsic noise deriving
from fluctuations in the concentrations of regulatory factors and polymerases,
cell-to-cell variability in chromatin structure, differences in cell cycle state, or
differences in cell size. Extrinsic noise typically has a time scale of about one
cell cycle [Taniguchi 2010, Sigal 2006], much longer than the time scale on which
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the distributions of nascent transcript numbers fluctuate intrinsically (minute time
scale for yeast). If extrinsic noise is relevant one would therefore expect, that the
distributions of nascent transcript numbers are a probability mixture of all extrinsic
noise conditions. Significant extrinsic fluctuations in the elongation rate have
recently been observed experimentally for a yeast gene [Hocine 2013]. A comparison
of the nascent transcript statistics within one nucleus (either in a diploid organism
or for a cell in G2 phase) would in principle allow to determine the magnitude of
extrinsic noise from single molecule FISH experiments. Cell size is an underlying
cause for many extrinsic fluctuations. Since the cell size can also be determined
from the microscopy images, the data can be tested for any cell size dependent
effects. If this removes or diminishes the contribution of extrinsic noise - so that
the system is dominated by intrinsic noise - the fitting algorithm can be applied to
subsets of cells with the same volume. Since the intrinsic fluctuations of the nascent
transcripts are fast, their number will be close to a steady state at all times during
the cell cycle. But if extrinsic noise has a significant contribution (as compared to
the intrinsic noise) that cannot be removed by conditioning on the cell size, the
multi-color FISH data cannot be used to gain information about the mechanisms
of the interplay between extrinsic and intrinsic noise, i.e. which of the distributions
f
on

(t), f
off

(t), f
ini

(t) or the distribution for the elongation time should really be
described by a mixture of distributions deriving from an extrinsic noise contribution
superimposed on the distribution describing the intrinsic variability. In that case,
the probabilities of observing zero nascent transcripts for a certain segment can still
be used to approximate the distribution of inter-event times between subsequent
transcription initiations. This distribution is a probability mixture of the different
distributions expected from the gene switch model but where all input probability
distributions are varied because of the extrinsic fluctuations. Similarly the second
moments of the nascent transcript distributions and their correlations can be used
to calculate bounds on the autocorrelation function of the transcription initiation
process. These are the same limitations as for time resolved experiments.

6.3 Discussion and future directions

The analysis of simulated data that is based on results for single-color FISH
experiments from the literature shows that three color smFISH measurements could
indeed be used to infer transcription dynamics. This approach is most informative
if the time for elongation of one transcript is of the same order of magnitude as the
switching between on and off states. Single-color FISH experiments indicate that
this is the case for a number of yeast genes [Zenklusen 2008], while the timescales
for gene switching of some mammalian genes have been found to be much longer
than the times for elongation [Suter 2011, Harper 2011]. Also pausing of RNA
polymerases seems to be a much more prominent effect in mammalian than in yeast
cells [Darzacq 2007, Gromak 2006, Sun 2011, Anamika 2012] making this method
better suitable for the analysis of yeast than mammalian cells.
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Simulations showed that more information is obtained for genes that have high
transcription rates. For repressed genes a majority of cells does not have any nascent
transcripts, the resulting distributions for nascent and mature transcript numbers
can usually be fit with a very large range of parameters. Genes need to have
a certain minimum length, so that three probe sets can be designed to different
regions of the gene (ideally with some spacing between the probe sets). Using
more than three probes can improve the method, and in fact a fourth one could
be necessary to exclude effects from transcription termination dependent pausing
(however, measurement of three probes simultaneously is sufficient). Therefore,
long genes are more suitable to this analysis. Yeast strains from the TAP-tagged
collection of budding yeast strains [Howson 2005] could be used to increase the
length of the gene of interest (+2096bp) with the additional advantage that probe
sets could be reused for different genes.

Preliminary experiments showed that identification of the transcription start site
is a crucial step for this method. Zenklusen et al. determined nascent transcripts
based on the DAPI signal of a spot [Zenklusen 2008]. This will identify all transcripts
in the nucleus as nascent. Figure 6.8 shows that under induced conditions a very
significant fraction of cells has more than two spots in the nucleus (in the haploid
yeast strain BY4741). The DAPI signal often does not define the nuclear boundaries
very clearly. To obtain a more clearly defined nuclear boundary a strain with
a GFP-tag of the nuclear pore protein Ndc1 was used. But even if the nuclear
boundaries can be identified with high accuracy and precision, this does not allow
for a distinction between nascent transcripts and mature transcripts that are in the
process of nuclear export. In many cells the transcription start can be identified
because there are multiple nascent transcripts leading to one very bright spot that
can clearly be distinguished from the other spots in the nucleus based on its higher
intensity. But since the fraction of cells that do not have nascent transcripts (for
different probe sets along the gene) is an important statistic for the fit to the gene
switch model it is crucial to identify this fraction accurately, that means also for
cells that do not have a very bright spot in the nucleus - which is hampered by
the possible presence of mature transcripts in the nucleus. A combination of DNA
and RNA FISH would be ideal to solve this problem, but protocols for this are still
under development [Lai 2013, Byron 2013].

Another crucial step is the quantification of the number of nascent transcripts
from the intensity distributions. The accuracy with which intensities can be
determined could possibly be improved by using oligos with locked nucleic acids to
reduce the fluorescence background [Thomsen 2005, Kubota 2006]. On the other
hand, since the intensity distributions measured with conventional DNA oligos
are very reproducible a simple deconvolution of the distribution measured for the
transcription start site with the intensity distribution for single mRNA spots in the
cytoplasm might be sufficient (see section 6.4.2.3).
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6.4 Supplemental Information

6.4.1 Analytical solutions for the gene switch model

6.4.1.1 inter-arrival time distributions

The random variable describing the time that elapses between two subsequent
transcription initiation events is called the inter-arrival time. If the
times polymerases spend during elongation (and termination) are precise and
independently distributed (i.e. no polymerases ’bumping’ into each other), the
distribution of inter-arrival times will be preserved throughout the elongation process
and closely resemble the distribution of times between subsequent transcription
termination events. Under the assumption of precise elongation times, the
probability of observing zero elongating polymerases on a DNA stretch of a given
length depends only on the inter-arrival time distribution. The inter-arrival time
distribution can be calculated from f

on

(t), f
off

(t), and f
ini

(t) either exactly using
matrix algebra (which for large matrices can become time consuming) or by
approximation.

Exact solution via matrix construction If the lifetime distributions of the
on and off state as well as the waiting time distribution for transcription initiation
are of phase-type, the counting process, i.e. the number of initiation events as a
function of time, can be described as a Markovian arrival process (MAP). A MAP is
a Markov Process, where only a subset of the transitions between states are observed
(or marked). Rates for unmarked and marked transitions are stored in two square
matrices (denoted D0 and D1), whose sum equals the infinitesimal generator of the
underlying Markov Process. For an on/off switch, marked transitions correspond to
transcription initiation events, while unmarked (background) transitions correspond
to transitions within on or off states or between on and off states. Denoting the
subgenerator matrices of the phase-type distributions describing the lifetimes of the
on and the off state with S

on

and S
off

, respectively, and assuming an exponential
distribution for the waiting times for promoter clearance with rate constant k

ini

,
the MAP can be written as:

D0 =


S
on

�S
on

(1)(1)

T

�S
off

(1)(1)

T S
off

�
�


Diag(k

ini

) 0
0 0

�
(6.1)

D1 =


Diag(k

ini

) 0
0 0

�
, (6.2)

with 1 a column vector of only ones, 0 a square matrix with zeros of appropriate
size, xT denoting the transpose of x and Diag(x) a square matrix with x as diagonal
elements .

From the MAP description of the on/off switch, the inter-arrival time
distribution can be described by a phase type distribution [Casale 2008] with
probability density function, f

ia

(t):

f
ia

(t) = ↵Exp[tD0](�D01), (6.3)
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with ↵ as probability vector of the stochastic matrix (�D�1
0 )D1, ↵1 = 1.

Waiting time distributions other than exponential for transcription initiation
can in principle be taken into account via Kronecker composition, but numerical
calculations become time-consuming or completely unfeasible rather quickly.

Approximate solution The inter-arrival time distribution is composed out of
two different types of times: short inter-arrival times within one on-phase, that are
distributed according to the waiting time distribution for transcription initiation,
and longer inter-arrival times that are a convolution of the off state duration, the
waiting time for transcription initiation and the time between the last transcription
event during an on-phase and the end of this on-phase. For bursts of size zero
(an on-phase without initiation events), the latter time becomes the convolution
of twice the off duration, the waiting time for transcription initiation and the time
between the last transcription event during an on-phase and the end of this on-phase,
and analogous convolutions are obtained if two or more bursts of size zero occur
in sequence. The inter-arrival time distribution is a probability mixture of these
distributions, where the mixing probabilities are given by the burst size distribution:
for a burst of size B (B > 0), there occur B � 1 shorter inter-arrival times drawn
from the waiting time distribution for transcription initiation and 1 inter-arrival time
from the convolution of off-duration, initiation time and remaining time during the
on phase. The remaining time from the last transcription initiation event to the
end of the on-phase is difficult to calculate for general distributions, but can be
neglected without major error if the average burst size is sufficiently high ( 5). The
inter-arrival time distribution can than be approximated as the following probability
mixture:

f(t) =

1

hbi ((hbi � 1 + p(B = 0))f
ini

(t) + f
ini

(t) ⌦ f
off

(t))

+

1X

i=1

p(B = 0)

i

(1 � p(B = 0))f
ini

(t) ⌦ f (i+1)
off

(t), (6.4)

with average burst size hbi and ⌦ denoting convolution. The probabilities for n
subsequent bursts of size 0 decrease quickly with n and usually can be neglected
for n > 3. In this approximation of the inter-arrival time distribution, waiting
time distributions for transcription initiation other than exponential can easily be
taken into account. In particular a deterministic waiting time distribution (as a
limit to very precise times) can easily be calculated since the convolution with the
distribution of the duration of the off state simply is a shift of the latter distribution.

6.4.1.2 Probability of zero elongating polymerases

While the probability that there are a certain number of polymerases within a DNA
element of a certain length in general depends not only on the inter-arrival time
distribution, but also on the correlations between subsequent inter-arrival times (as
reflected in the burst size distribution), the probability of zero polymerases is a
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function of the inter-arrival time distribution alone. Probabilities for at least k
polymerases could in principle be calculated in an analogous manner by calculating
the inter-arrival time distribution for every kth arrival, which can be solved using
a similar matrix construction as described above. However, the size of the matrix
increases linearly with k, and numerical calculations become impractical. Moreover,
the probabilities for more than zero polymerases depend more strongly on the
waiting time distribution for transcription initiation than the probabilities for zero
polymerases and therefore the distributions are better fit globally by selecting
parameter combinations that yield similar second moments as the ones observed
(sec. 6.4.1.3).

Given the time for elongation of a certain segment, ⌧
elo

, and the inter-arrival time
distribution, f

ia

(t), the probability that there are zero polymerases on the segment
(under the assumption of precise times for elongation), p(N

elo

= 0), equals:

p(N
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= 0) =
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f
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f

ia

(t)
hti can be seen as the probability that a randomly chosen point in a timetrace

described by f
ia

(t) falls into an interval of length t. If now the time interval of
elongation, ⌧

elo

ends within the last (t � ⌧
elo

) time units of this interval between
two initiation events, there will be no polymerases within this segment. Since the
integration starts at t = ⌧

elo

, the probability p(N
elo

= 0) is only sensitive to the
shape of the waiting time distribution for transcription initiation if ⌧

ini

is on the
same timescale as ⌧

elo

. By selecting genes for measurement that have a high enough
average expression level, ⌧

elo

will always be larger than ⌧
ini

.

6.4.1.3 Moments of steady-state distribution

mRNA copy number distribution The first four moments of the distribution of
mRNA copy numbers are used to determine parameter combinations for the switch
that match these moments within specified deviations. The calculations are based
on the assumptions of exponential waiting times for transcription initiation as well
as mRNA lifetimes, but allow general distributions for the durations of on and off
states. The specified deviations should therefore reflect the maximum expected
deviation for other distributions than exponential for transcription initiation as
well as the experimental uncertainties. Moments of the mRNA distribution can
be calculated as described in chapter 5.4.4.2.

Variance of the number of elongating polymerases The on/off switch with
subsequent elongation can be described as a G/G/1-queue with input correlations,
if the elongation times of individual polymerases are independently and identically
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distributed. The variance of the steady-state distribution for a discrete-time
G/G/1-queue is solved in [Eliazar 2008] (eq. 24 and 32), and this result can
easily be transferred to the continuous-time case (for the autocorrelation function
the double sum is replaced by a double integral). The input process in the
discrete-time formulation equals the number of arrivals (=transcription initiation
events) within the time interval t + �t. For the continous-time on/off switch this
becomes the time derivative of the counting process of the MAP described in section
6.4.1.1. For exponentially distributed waiting times for transcription initiation, its
autocovariance function (which is needed to calculate the autocorrelation function of
the copy number distribution of elongating polymerases) can be calculated from the
Eigenvalues of D0 matrix according to [Li 1993] (Eqs. 1 and 2). The autocovariance
for a gamma switch then becomes:
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with eigenvalues of D0 �
i

, right column eigenvector g
l

, left row eigenvector h
l

and
their elements g

li

and h
li

. With Eqs. 24 and 32 from [Eliazar 2008], the mean and
variance of the distribution of elongating polymerases (with deterministic elongation
time ⌧

elo

) equals:
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These equations can also be written in form of noise spectra (the Fourier transform
of the autocorrelation functions). The noise spectrum of the number of elongating
polymerases, S

Nelo

(!), can than be expressed as a the sum of a term that depends
on the distribution of the elongation time (here assumed to be deterministic, i.e. the
distribution is given by a dirac delta) only and a product of the noise spectrum of
the switch and a function g(!) that characterizes the distribution of the elongation
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time.
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with 1/hti = ⌧
on

/(⌧
on

+ ⌧
off

)k
ini

as the average transcription initiation rate.
The variance of the distribution of the number of elongating polymerases can be
calculated as the integral over the noise spectrum from ! = 0 to 1 divided by ⇡.
The integral over the first term of the sum equals the average number of elongating
polymerases, independent of the distribution of elongation times. The integral over
the second term corresponds to noise propagation from the gene switch to the level
of the numbers of nascent transcripts. Since we assume the elongation times to be
deterministic, the stationary statistics of the input process for different segments on
the gene is equal to the statistics of the input process of the first segment.

6.4.1.4 Crosscorrelations

Eqs. 6.7 and 6.9 can also be used to calculate the crosscorrelations between different
variables, either between numbers of elongating polymerases within neighboring
segments, h�N

elo1�Nelo2i or between the number of elongating polymerases and the
number of mRNAs, h�N

elo1�NmRNA

i. The former follows directly from the previous
equations from

h�2(N
elo1 + N

elo2)i = h�2N
elo1i + h�2N

elo2i + 2h�N
elo1Nelo2i (6.12)

and h�2(N
elo1 + N

elo2)i can be calculated from eq. 6.9 with ⌧
elo

= ⌧
elo1 +

⌧
elo2. Crosscorrelations with the numbers of mRNA molecules require the lifetime

distribution of mRNAs and can therefore be used to check the assumption of
exponentially distributed lifetimes. The variance of the sum of the number of
elongating polymerases (in the last segment) and the number of mRNA molecules
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is then given by:
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with k
deg

as the degradation rate constant of mRNA. These calculations assume
exponentially distributed waiting times for the transcription initiation process and
their sensitivity to the shape of f

ini

(t) should therefore be checked by simulations.

6.4.2 Preliminary experimental results with the MET5 gene

6.4.2.1 Identification of nuclear and cytoplasmic transcripts

When expression of the MET5 gene is induced by removing methionine from the
medium after a few minutes almost all cells contain one very bright spot per cell that
most likely corresponds to the transcription site where multiple nascent transcripts
are being synthesized simultaneously. These spots can be identified easily from
the FISH images and can be used to test an algorithm for nuclear segmentation
because all these spots should fall within the nuclear boundaries. The classification
of transcripts as nuclear or cytoplasmic on the DAPI signal alone is not very reliable.
This can be seen from fig. 6.7A where a scatter plot of tetramethylrhodamine spot
intensities and corresponding DAPI intensities is shown. Spots with at least twice
the median tetramethylrhodamine intensity (presumed to be transcription sites with
multiple nascent transcripts) are to the right of the vertical red line. Although their
average DAPI intensity is higher than the average DAPI intensity of the spots to the
left, there is no clear DAPI threshold that distinguishes cytoplasmic from nuclear
spots. An estimation of the false positive and false negative classifications based on
the transcription sites and on a fit of a normal distribution to the subset of spots
that fall below a certain DAPI threshold shows that these two lines intersect at
about 30% (fig. 6.7A).

Segmentation does of course not only depend on a DAPI threshold, instead
gradient methods can be used to detect edges in the DAPI image. However, there
remains significant uncertainty in the classification. To improve the definition of
the nuclear boundary a strain with a GFP-tag for the nuclear pore protein Ndc1
(yeast strain KWY2757) was used. GFP intensities are maximal at the nuclear
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Figure 6.7: Classification of nuclear and cytoplasmic transcripts. A) Scatter plot
of the spot intensities for the 40 oligo TMR probe set and corresponding DAPI intensities
(maximum pixel intensities are shown) for a sample 10min after removal of methionine.
The marginal distributions are shown on the top and to the right. Spots with a TMR
intensity twice as high as the median spot intensity can be classified as transcription sites
(indicated by the vertical red line). By varying the DAPI threshold (horizontal red line)
for the classification as nuclear or cytoplasmic the number of transcription sites that are
classified as cytoplasmic can be used as an estimator for the false negative rate. Fitting
a (truncated) normal distribution to the DAPI distribution lower than the threshold and
calculating the fraction of spots that lie under the gaussian but above the threshold yields
an estimator for the false positive rate. B) Scatter plot of the spot intensities in TMR
and corresponding GFP intensities for strain KWY2757 (GFP tagged Ndc1) for a subset
of spots that has at least twice the median TMR intensity, i.e. transcription sites.
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boundaries but are also increased inside the nucleus as compared to the cytoplasm.
This can be used to refine the nuclear boundaries. The GFP signal does contain
additional information over the DAPI signal alone as can be seen in fig. 6.7B,
showing a scatter plot of DAPI and GFP intensities for spots that are classified as
transcription sites. The two intensities are only weakly correlated, indicating that
additional new information can be obtained from the GFP signal. A segmentation
algorithm was developed based on a laplacian-of-gaussian (LoG) transform of the
GFP image that was used in a watershed segmentation with regions of high DAPI
intensity as seeds, followed by a selection of objects of reasonable size. Visual
inspection of the segmentation results showed that spots classified as transcription
sites were indeed contained in the nuclear boundary while the total nuclear size was
not significantly increased over that based on a segmentation based on DAPI alone.
Fig. 6.8 shows the resulting distributions of the number of spots per nucleus for the
uninduced as well as the 10min induction time point.

Figure 6.8: Distributions of numbers of spots per nucleus. The nuclear boundary was
determined from DAPI and Ndc1-GFP signal. A) Uninduced conditions (yeast grown in
medium containing methionine). B) 10 min after removal of methionine from the medium.

6.4.2.2 Integrated intensities and background correction

The algorithm for background correction and intensity calculations is detailed in
section 6.4.4. Here we show some experimental results (obtained with the 40 oligo
TMR probe set) demonstrating that the iterative procedure used for determination
of background intensities does converge and that the relative changes in intensities
during the iterations have a dependence on the initial intensity estimate consistent
with theoretical considerations. Fig. 6.9A and B show that the calculated spot
intensities as well as the background intensities (calculated from regions within
cells where no spots were found) converge after about 3 iterations of applying the
Fourier transform and gaussian filtering. Since this method introduces an artifactual
region of negative intensities around spots the initial background intensity estimates
are negative but do approach zero after the third iteration. The distributions of
background intensities also become more symmetrical after a few iterations (fig.
6.10). Background intensities could be expected to have a normal distribution
if many noise sources contribute additively (central limit theorem) or a Poisson
distribution if the photon counting noise dominates. The left-skewed distribution
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observed after the initial background and intensity estimation (fig. 6.10A) doesn’t
conform to either of those expectations while the distributions after three and five
iterations can be fit with normal distributions. The higher the intensity of a spot
is, the more negative the intensity values after the transformation and filtering will
become in the vicinity around this spot. The intensity of other nearby spots will
therefore be underestimated. This underestimation effect is large for spots with an
intensity corresponding to a single mRNA molecule that are close to a transcription
site with many nascent transcripts, but it is low for the transcription site itself. This
can be seen in fig. 6.9C showing the fold change in intensity between the first and
fifth iteration as a function of the initial intensity estimate. The fold change for high
intensity spots is very close to one, while spots with lower intensity show a broad
range of fold changes.

Figure 6.9: The iterated FT/gaussian filtering background correction converges
after 3 or 4 iterations. A) Average relative change in spot intensity relative to the spot
intensity after the first iteration. Error bars denote standard deviations. B) Average of the
background intensities as a function of the number of iterations. C) Scatter plot of the fold
increase in spot intensity after the 5th iteration and the intensity after the first iteration.

Figure 6.10: Background intensities also converge after 3 iterations and become
symmetrical. The frequencies of background intensities after the 1st (A), 3rd (B) and 5th
(C) iteration are shown.

6.4.2.3 Quantification of nascent transcript numbers

In order to calculate the distribution of the number of nascent transcripts from the
intensity distribution of the transcription site a deconvolution with the intensity
distribution of single molecule spots is performed. Fig. 6.11 shows that these latter
distributions can be determined very reproducibly. The deconvolution of intensity
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distributions of transcription sites with these single spot intensity distributions are
shown in fig. 6.12A-C. The spread of the intensity distribution of transcription sites
is much wider than the spread in the intensity distributions for single spots so that
the distribution of the number of nascent transcripts can very well be approximated
by just dividing intensities of transcription sites by the average intensity of single
spots and rounding the result. If the elongation speed is uniform throughout the
gene one expects that the average number of nascent transcripts is a linear function
of the length of the gene segment that the probe set detects. This is indeed the case
as shown in fig. 6.12D. The y-intercept of this plot indicates that about one third
of the transcription time is spent during termination.
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Figure 6.11: Reproducibility of intensity distributions. A) uninduced conditions. B)
induced conditions: 10min after removal of methionine. Differently colored lines show the
distributions of intensities measured on different days.

6.4.2.4 Control experiments for quenching

Under induced conditions high intensities were observed at the transcription site.
To infer the number of nascent transcripts from the intensity it is assumed that
there is a linear relationship between the two. To control for quenching effects at
the transcription site where a high number of fluorophores are in close proximity,
experiments with either 40 oligos or 20 oligos per probe set were performed for
each fluorescent dye. If there is no quenching a rescaling of the distribution with
20 oligos by a factor of 2 should regenerate the intensity distribution determined
with 40 oligos. Spots were classified as either cytoplasmic, nuclear RNA, or as
transcription sites, because quenching effects could be different depending on the
local environment. For tetramethylrhodamine the rescaled distributions agree very
well for all three types of spots (fig. 6.13). For alexa594 the intensities for the 20
oligo probe set have more than half the intensity of the 40 oligo probe set which
could be an indication for quenching with higher numbers of fluorophores. But the
ratio of average intensities between the two probe sets is almost the same for single
molecule RNA spots (either in the nucleus or the cytoplasm) and for transcription
sites which contain multiple transcripts. Therefore, it is more likely that the set of
20 oligos binds more strongly to the target RNA under the experimental conditions
used. Since the 20 oligo probe set only partially overlaps the 40 oligo set this would
need to be tested by using one probe set containing the union of both sets and
one probe set containing the complement of both sets. For Cy5 the opposite effect
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Figure 6.12: Nascent transcript numbers conform with the expectation of uniform
elongation speed throughout the gene. For the 10min induction time point the
intensities of the presumed transcription sites (the spot with the highest intensity inside
the nucleus) deconvolved with the intensity distribution of cytoplasmic spots are shown for
tetramethylrhodamine (A), alexa594 (B), and Cy5 (C). The average numbers of nascent
transcripts calculated from the distributions shown in A-C are plotted against the length
of the gene segment of each probe set (D). A schematic depicting the positions of the three
probe sets along the MET5 gene is shown in (E).
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is observed: the intensities with the 20 oligo probe set are less than half of the
intensities with the 40 oligo probe set.
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Figure 6.13: Comparison of spot intensities for probe sets with different numbers
of oligos. Spot intensities for transcription sites (identified as spots with at least twice the
median intensity), spots in the nucleus and in the cytoplasm were determined for probe sets
with 20 oligos (red) and 40 oligos (blue). The intensities were rescaled by a factor of 2 for
easier comparison. A-C) intensity distributions for tetramethylrhodamine. D-F) intensity
distributions for alexa594. G-I) intensity distributions for Cy5.

6.4.2.5 Bleed-through

The three fluorescent dyes do have some spectral overlap. Therefore, experiments
with two out of the three dyes were performed where images were acquired in all
three fluorescence channels. Spots were identified and the maximum pixel intensity
in the fluorescence channel for which the probe had not been added was correlated
with the maximum pixel intensity of the other two colors (fig. 6.14). There is a high
bleed-through into the alexa594 channel: intensities of tetramethylrhodamine or Cy5
corresponding to 3 or 4 transcripts cause a bleed through that is comparable to an
alexa594 intensity for a single transcript. But the high values for Pearson’s moment
correlation coefficient show that a correction for bleed through can be performed.
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Figure 6.14: Crosstalk between the three fluorescence channels. Scatter plots of
maximum pixel intensities of spots are shown for experiments where one of the probe sets
was left out. A and B) experiments without tetramethylrhodamine (tmr). C and D)
experiments without alexa594. E and F) experiments without Cy5.
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6.4.3 Materials and Methods

Saccharomyces cerevisiae strains BY4741 or KWY2757 (GFP tagged Ndc1) were
used for all experiments. Cells were grown in CSM medium at 30

�
C, 200 rpm. For

all experiments, cells were first cultured on plate, inoculated into a small volume of
medium and grown into exponential phase. From this a larger volume was inoculated
and grown to OD600 = 0.2 to 0.3 before fixation.

The RNA FISH protocol was performed as described in chapter ??. Slides
with samples labeled with Cy5 were mounted with an anti-fade mixture containing
glucose oxidase and catalase to decrease photo-bleaching [Youk 2010]. Images
were acquired with a Nikon TiE wide-field microscope, a 100x objective, using
MetaMorph software. Image analysis is described in detail in section 6.4.4. Probe
sequences are given in table 6.3. Sets coupled to different dyes are listed in table
6.2.

name sequences dye
5 prime set 40 oligos 1-40 TMR (tetramethylrhodamine)
middle set 40 oligos 41-80 alexa594
3 prime set 40 oligos 81-120 Cy5
5 prime set 20 oligos 1-20 TMR
middle set 20 oligos 55-74 alexa594
3prime set 20 oligos 75-94 Cy5

Table 6.2: Sets of oligonucleotide sequences coupled to different dyes
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position sequence position sequence
1 1 aagaggtcagaagcagtcat 61 1896 atagggtaagcttattctca
2 23 cgccaacaattgtgggagcg 62 1918 aaagatggatcttttctggt
3 45 ggggagcactagaggaatat 63 1962 tccttgtcaacgcatcacca
4 89 tgaatgactattttttgtgc 64 2006 ctccaataactgatcgaagg
5 111 cagattctagccctttgaag 65 2028 gtagcggtgggccggacaaa
6 133 agatgagtagcatctgtggc 66 2072 tgccaagtttgcagcattac
7 155 caatggatcttgattgttca 67 2138 aatgtcatccatggacagaa
8 199 acggtagttaaaatgtcctt 68 2206 aattcaccttgcccagccgt
9 221 caaagtagtttcatctgtaa 69 2229 agaaagacttaccgtcttgg
10 243 atagatggtggatggatttg 70 2251 gtgtcatttttcagagcttc
11 287 caaatccactgtaatcacca 71 2273 caaactagctaaatccaagt
12 353 agaagatattaagatgggga 72 2317 cgtggccaatactcagaatc
13 375 ttgaaattgcagtttgcaaa 73 2339 aaaataatgtttatcttctt
14 397 atcttataagaagagtccgc 74 2361 ataaatcctgtgaaggcttg
15 419 tggggtcagagaacttgtag 75 2405 caagggaattagggctttgg
16 463 gctgtactcgtgccaatttt 76 2427 catcttgatcatcacccagt
17 485 aaagtcgatgtcttgttcaa 77 2449 taagcagtttggaaaccatc
18 507 cgttagcaatctccaaggta 78 2471 taatttaggttcccactcag
19 551 tgtcaatgaatcagtagctt 79 2517 ttggctcatcatcaacagca
20 595 atgacagtggtaattgactc 80 2561 caagaaattagattctctct
21 617 gtcatatggtgacaggttaa 81 2583 agttctcactgatagtacct
22 661 ttgatcaatcctacgtttga 82 2605 ccacctgaagaagtatcctt
23 683 ccatggtctgtatactctaa 83 2673 taatgtcacgatcgtcttgg
24 727 ttggtaacagaagatggcag 84 2695 ccttgtgacttacgtatttc
25 749 gacaccctgtaaaacggcga 85 2717 aaacatatagtatggctcta
26 771 cgtttgattgcgatttctta 86 2739 ctggtaaacgagctcttgcc
27 837 gctcgatgttcctagaaact 87 2761 tgttgtggagtggtcttacc
28 859 ccaatattagtcaacactac 88 2783 taagtgatccagagcaagcc
29 881 gttgccataatcattcacat 89 2849 cacaccatgaatctggaagg
30 903 tcgatatgacggtgttgata 90 2916 cagcagctaatgtatccata
31 925 tctggttccttcttgttaat 91 2938 acatttctgttcacgtcacc
32 947 ttcacctaaaaataagttat 92 2960 ggttggtagagcagaaacca
33 969 gttcctcagccttttcattg 93 2982 tttgttggtgaaccttggca
34 991 ataagttgagtaacttcagc 94 3048 aaacttcgtggtaggccgta
35 1057 gaaaataactgttttagcac 95 3070 tgttcttctgggccctccag
36 1079 attcaaaatttgtagatttg 96 3158 caaagcgttaccgctaacta
37 1101 caattgtctcactggaaaat 97 3180 cgtaaattggttcaatatcg
38 1123 ccaaattctggattacttgg 98 3202 tttcttggcagataagttgg
39 1145 ttgttttaaaaagcgtccaa 99 3225 gaacggcgatgttgaattta
40 1167 tcaattcttcacgctgggct 100 3247 acatccacatcgttatatgg
41 1189 agagaggtttttgctaagct 101 3269 taaaccgacatcgatagata
42 1233 gaacaattttatttgcatcc 102 3291 tttctgggttaactatagca
43 1277 gtcaagatcgcgtccattga 103 3313 ttataaccctccacgatttg
44 1344 cttgattagattgtaataac 104 3357 tcttgttgttatgagtggta
45 1367 gaattttaagacagtagagg 105 3379 gaccctaatcttgggtaagt
46 1389 cgcttgttggagctatcttt 106 3445 ctttggacaataacgatacc
47 1434 aggcatcggagccaattagc 107 3467 gtctttacggtcaccgtgat
48 1456 gagtgacccaaatcataaga 108 3489 actttaaacgagcatgctta
49 1522 tatggctctgaatcaatcaa 109 3511 acacccatatcatctacagt
50 1544 ctggttttgctttctatggt 110 3533 cactttttgcttgaagcctt
51 1588 ctgtaataattcatggcgta 111 3555 atttcttaccccagtattcc
52 1610 tgctacagaggcaacatagg 112 3599 gtaatcaatattagatttaa
53 1632 gttgggtgtaagaagcatat 113 3644 tgcggtaaagtggtttaacc
54 1654 gcctctattattgcagtcaa 114 3688 tgaggcaaatctggtgtatc
55 1720 ggagtatcattttcggaatt 115 3754 gtcaatctgaaatgaccaga
56 1764 aaccagattcaacggcgttt 116 3798 catgttcatctgtaatatta
57 1786 ttaaacctatacaatggcca 117 3820 aaaatagattttattccagc
58 1808 tgatggatcgtcataaacag 118 3864 atctcaaaccgctgaaatcg
59 1830 agctaaatgcctccttatct 119 3910 aacgctaaaccacatgttgg
60 1874 gtctaagaagtcctgtaatt 120 3932 taggaaacgttcagattcgg

Table 6.3: Oligonucleotide sequences used for mRNA FISH
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6.4.4 Image analysis in matlab

6.4.4.1 Theoretical considerations on background correction and spot
identification

Background correction using iterative FT/Gaussian filtering/subtraction
of fitted spot intensities Spots in single molecule FISH are diffraction limited,
therefore their point spread function (PSF) can be calculated from the microscope
settings (numerical aperture, refractive index of the immersion oil, f-number,. . . )
or estimated from images of microbeads. All ‘true’ spots should give rise to a
signal with the same shape of PSF, although the intensity can vary between spots.
Typically the background signals, caused by autofluorescence of the cells, are much
broader than the spot signals: with a pixel size of 130nm, the expected full width at
half maximum (FWHM) of a diffraction limited spot is 2.7 pixels while yeast cells
have a radius of 10 to 15 pixels. This difference in the width of spot and background
signals can be used for background correction. To estimate the background signal,
a two-dimensional discrete Fourier transform is applied to each layer of the 3d
image. The larger the bandwidth of the original signal the closer to the corners
of the FT image will the absolute values be, while the positional information is
contained in the phases. A Gaussian filter which diminishes the absolute values in
the transformed image near to the boundaries does therefore have a larger effect
on the background signal than on the spot signal. Inverse Fourier Transform of
the filtered image restores most of the spot signal intensity while the background
intensity is greatly reduced [Semrau 2009] (fig. 6.15). However, the Gaussian filter
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Figure 6.15: Differences in the widths of spot signals and background
autofluorescence allow application of Fourier transform and gaussian filtering
to remove background signals. a) Typical signals along one dimension as observed
in yeast for a diffraction limited spot (blue) and a cell (red). b) one-dimensional discrete
FT of the signals (solid lines) and the filtered signals (dashed lines). c) Inverse FT of the
filtered signals shown in (b) (solid lines) and for comparison the original intensities (dashed
lines): while the spot signal is reduced by approximately one half, the background signal is
diminished to almost zero.

also changes the shape and total intensity of the signals originating from diffraction
limited objects: the total intensity is decreased and regions of negative intensity are
created in vicinity to each spot position. If spots are well separated from each other
this is of no great concern, because in that case the intensity in the filtered image is
a constant fraction of the original spot intensity. If however spots are close to each
other the negative intensity regions will bias the intensities that are calculated from
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the filtered image. The more the original spot intensities differ from each other the
larger will be the bias introduced by the FT+filtering. If each spot corresponds to a
single mRNA molecule, the spot intensities can be expected to be on the same order
of magnitude and additional background correction steps will have small effects on
the estimated intensities. But under conditions where single spots can correspond to
multiple mRNA molecules, intensities estimated from the filtered image are biased:
the intensities of lower intensity spots will on average be underestimated as compared
to the high intensity spots. To mitigate this bias an iterative procedure can be
applied: spots are identified and their intensities calculated from the filtered image,
then the fitted intensities are subtracted from the original image and the resulting
image is again transformed, filtered and inverse transformed. The resulting image
can be used to identify additional spots; the new estimate of the background is
subtracted from the original image and spot intensities are recalculated based on this
image. This process is repeated until the spot intensities as well as the background
intensities converge. Fitted intensities are calculated as 3d Gaussians, the method
might be improved upon if the real point spread function is measured and used
instead. Using the theoretically calculated PSF does not give any improvement, but
determination of the PSF from experimental data using microbeads would probably
be a better way.

Spot identification Spot identification is performed on the filtered images
because the FT/filtering/inverse transform has the side effect that spots become
narrower and therefore spots that are next to each other are easier to separate.
Spots are identified according to the method proposed by Raj: a negative Laplacian
of Gaussian (LoG) filter is applied to the image and the number of spots is calculated
as a function of the threshold. A threshold is selected automatically as the maximum
of a window function that calculates the average spot number divided by the sum
of a constant and the standard deviation of the spot number over a window of 7
thresholds [Itzkovitz 2012b].

6.4.4.2 Refining spot positions and calculating intensities

Applying the threshold to the LoG filtered image yields a binary image where
ideally each object (a region of connected pixels with value 1) corresponds to one
spot. For each object the pixel with maximum intensity in the Fourier transformed
filtered image is taken as the initial estimate for the spot position. For each spot,
intensity and position are then fitted in a series of 2d images comprising all z-
layers in which the object is found plus one additional layer on each side. Spot
positions and intensities are fitted using the Gaussian mask algorithm described
in [Thompson 2002]. Estimates for the z-position are then determined from the
intensities as a function of the z-position as either the weighted average or by a fit
with a Gaussian. Different estimates for the intensity are calculated from these fits
(maximum intensity determined from any of the z-layers, maximum pixel intensity
in the background corrected image, average along the z axis of maximum pixel
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intensities, . . . ). The x/y position is taken to be the one determined from the z-
layer with the maximum fitted intensity. The intensities fitted to layers that are not
completely in focus will be inaccurate because the approximation with a Gaussian
is only adequate for the in focus layer.

6.4.4.3 Overview of the implementation of image analysis in matlab

Image analysis software is written for matlab Version 8.1.0.604 (R2013a) and
requires the image processing toolbox, optimization toolbox and statistics toolbox.
To execute, run the main file called fit.m. The argument of this function is the
name of the directory where the images are stored, with an optional second argument
specifying a parameter file (if no parameter file is given or for parameters unspecified
in the file default values are used). All images in the directory must have the same
x and y dimension and need to be in planar tiff format with the DAPI image first,
followed by the fluorescence images and lastly a trans image. The main parameters
(which can be set in the parameter file) are:

deconvolution (default = false) boolean; whether or not deconvolution should be
performed prior to spot finding; if true a point spread function needs to be
supplied

nstepsdeconv (default = 10) integer; number of iterations for the Richardson Lucy
deconvolution (if deconvolution is set to true)

psf string; file path to a tif image with a point spread function; if multiple PSFs
are used for different fluorescence channels, this should be a 4 dimensional
image, with the PSFs in the same order as the fluorescence channels in the
input images

illumination profile string; file path to a flat field tif image; if multiple
fluorescence channels are used this should be a 3 dimensional image

nchannels (default = 3) integer; number of channels in the input images
(2+number of fluorescence channels)

nchannels2 (default = 3) integer; number of channels in the second series input
images (only required if the same field of view is images with two different
dichroics

filt (default = 6) integer; the spot images are Fourier transformed and every
structure larger than this value (in pixels) is deleted to remove noise

denoise (default = 0) integer; structures smaller than this value are deleted after
the FT

sigma (default = 2.7) real; FWHM of the PSF for a diffraction limited spot

accur (default = 0.01) real; accuracy goal for the fitting of lateral position of spots
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radius (default = 3.0) real; allowed distance between spot centers found in adjacent
z-layers; if the distance between the spot centers is smaller than this value the
two spot centers are aligned in the same trace

niterations (default = 3) integer; number of iterations for Fourier transforms and
intensity fitting

mintracelength (default = 2) integer; minimum required number of z-layers in
which a spot must be found to be counted as a true spot

maxtracelength (default = inf) integer; maximum number of z-layers in which a
spot can be found to be counted as a true spot

loadpeaks (default = false) boolean; if the algorithm has been run on the same
images before, whether or not to use the previous results for spot finding and
intensity estimation

loadsegnuc (default = true) boolean; if the algorithm has been run on the same
images before, whether or not to use the previous results for the segmentation
of nuclei

loadsegcells (default = true) boolean; if the algorithm has been run on the same
images before, whether or not to use the previous results for the segmentation
of cells

maxoffsetaxial (default = 1) integer; maximum value for the possible axial offset
between images from different dichroics

maxoffsetlateral (default = 20) integer; maximum value for the possible lateral
offset between images from different dichroics

maxNucSize (default = 2000) integer; maximum 3D size (in voxels) for the size
of a nucleus

minNucSize (default = 50) integer; minimum 3D size (in voxels) for the size of a
nucleus

maxCellSize (default = 2500) integer; maximum 2D size (in pixels) for the size of
a cell

minNucSize (default = 50) integer; minimum 2D size (in pixels) for the size of a
cell

filter_size (default = 15) integer; size of the LoG filter (in pixels) used for spot
finding

filter_sigma (default = 1.5) real; standard deviation of the LoG filter (in pixels)
used for spot finding

alpha (default = 0.05) real; significance level for the statistical tests
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threshbud (default=0.02) real; threshold for identification of buds (ratio between
Euclidian distance of two points on the perimeter of the cell to their distance
along the perimeter)

Figures 6.16 and 6.17 show an overview of the organization of the image analysis
package: main function calls, data structures that are passed between functions, and
final outputs. All outputs (final as well as intermediate results) are saved to a newly
created directory within the input directory called ’results’. The final outputs are:

statistical_tests_iteration[i].txt results of the statistical test performed by
the function analyze.m after i iterations of Fourier transforms/intensity
fitting/background correction

filename_color[n]_check.tif gray scale maximum projection along the z axis
of the background corrected image (using parameters filt=X and denoise=Y)
after the final iteration of background correction with spot positions marked
in green (cytoplasmic), red (nuclear), and blue (spots outside cells)

filename_color[n]_check3D.tif positions of spots after the final iteration of
background correction in three dimensions, with each spot marked by a circle
in its focus layer and spots in adjacent layers

filename_cropped_spotimages.tif
original images corrected for offsets between different dichroics, cropped to
the overlap region, and merged between different dichroics

cells_filename.mat matlab structure with label matrices for cell (2d) and nuclei
segmentation as well as a list with cell sizes and DAPI intensities of the nuclei

checksegmentation_cells_filename.tif image of a trans plane overlayed with
the cell segmentation

checksegmentation_nuclei_filename.tif max projection image of the DAPI
image overlayed with the nuclei segmentation

backgroundintensities_color[n]_iteration[i].csv
list with background intensities (intensities in background corrected images
at positions inside cells but non overlapping with spot positions) calculated
for 20000 positions in each image

spots_per_cell_color[n]_iteration[i].csv list with summary information on
a per cell basis for all fields of view. Each row corresponds to one cell, columns
are: total intensity in color n, background intensity in color n (corrected for
the mean background intensity outside of cells), total DAPI intensity, median
DAPI intensity of the cytoplasm, number of spots in the cell, number of
spots in the nucleus, number of spots in the nucleus if nuclear boundaries are
extended by 2 pixels, median spot intensity of spots in all cells that have fewer
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than 6 spots, cell size in 2D [pixels], 3D volume of the nucleus [voxels], total
DAPI intensity of the nucleus, cell volume (in voxels), presence or absence of
a bud, image ID

filename_filtX_denoiseY_i_color[n].tif filtered and background corrected
image

filename_filtX_denoiseY_i.csv list with summary information on a per spot
basis for each field of view. Each row corresponds to one spot, columns
are: x position, y position, z position (averaged), z position (from slice with
max intensity), mean intensity of the spot calculated from the maximum
pixel intensities in mintracelength z slices, maximum pixel intensity, fitted
sigma from the z slice with the highest fitted intensity, intensity fitted with a
gaussian with fixed sigma, mean intensity of the spot calculated from the fitted
intensities (fitted sigma) in mintracelength z slices, correction factor calculated
from the flat field image, cell number, nucleus number, total DAPI intensity
of the cell’s nucleus, total cell volume, boolean for presence of a bud

filename_spotnumber_vs_thresh.png plot of the number of spots found
in the summed image for all channels versus the threshold applied; the
automatically chosen threshold is marked in red
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Figure 6.16: Overview of the structure of the image analysis package.
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Figure 6.17: Structure of the subfunction fitpeaks.m which is used to determine
peak positions and intensities
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6.4.4.4 Description of functions

This section contains descriptions of all functions in alphabetical order:

analyze_data.m In a first step statistics of features between different fields of view
are compared. Since all positions are assumed to reflect the same experimental condition,
any test that results in a significant difference should be seen as an alert. In a second step,
the data from all positions is pooled; comparisons are performed between cells. The results
are summarized in the file [basedir ’statistical_tests.txt’ ]. Tests between different fields of
view:
1. one-way ANOVA, testing the null hypothesis that the average cell size (2D) is the same for
all positions (test also for normality and homoscedasticity; pairwise Kolmogorov-Smirnov
tests between positions (null hypothesis that the samples are from the same distribution).
The Kolmogorov-Smirnov test is a non-parametric test - these results should be used if
either the assumption of normality or of homoscedasticity is violated. Tests are performed
with ↵ corrected for multiple testing.)
2. one-way ANOVA, testing the null hypothesis that the average nuclei size is the same for
all positions (same tests as for cell size; see above)
3. one-way ANOVA, testing the null hypothesis that the average fluorescence intensity of
cytoplasmic spots is the same for all positions (same tests as for cell size; see above)
Analyses on the pooled data from all fields of view:
1. Correlation between the intensity of cytoplasmic spots and their z-position (as a control
for photo-bleaching, if there is no significant bleaching zero correlation is expected.
2. one-way ANOVA, testing the null hypothesis that the average intensities of cytoplasmic
spots are the same for all cells (test for normality and homoscedasticity). If the test statistic
is significant, find the pairs of cells that show significant differences (post-hoc tests).
3.a) Correlation between intensities of cytoplasmic spots and autofluorescence background
intensities (if background correction works perfectly, a zero correlation is expected)
3.b) Correlation between intensities of nuclear spots and autofluorescence background
intensities
4. Distribution of background intensities in the background corrected images (if background
correction works, these intensities should be centered around zero and clearly separated from
intensity distributions for spots).
5. Create a summary file for all cells: spots_per_cell_color[n]_iteration[i].csv (see
description of output files)
INPUT:

basedir directory with all input files and where all output files are saved
params general parameters
iteration number of the current iteration of the background correction
offset offset between different dichroichs

cdc_phases list with one row for each cell; columns are DAPI intensity in the
nucleus, cell volume, boolean denoting if the cell has a bud
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assemble_peaks.m For each spot position assemble information first for each color
from the files with 2D information for each spot, then merge information for all three colors
into one file.

INPUT:
filename filepath and filename of the image to be analyzed
ncolors number of fluorescent channels with FISH images
niterations number of iteration of background correction
params general parameters

OUTPUT:

outpkz

list with peak characteristics. Each row corresponds to one spot,
the columns are: x - y - z(fitted with gaussian) - z(weighted
average) - intensity average from mintracelength layers (average
over maximum pixel intensity within the spot in each layer) -
maximum pixel intensity - fitted sigma from layer with max
intensity - intensity fitted with fixed sigma (maximum) -
intensity fitted with fixed sigma (average over mintracelength

layers) - correction for illumination profile (columns 5 to 10 are
repeated for each color)

assigntocell.m assign spots to cells and nuclei based on the fitted x/y/z positions and
the label matrices for cells and nuclei. For a table of spots, where each row corresponds to
one spot and the first three columns to the x/y/z positions, a table supplemented with five
additional columns is returned (see below).
INPUT:

peaks array with rows corresponding to spots, the first three columns
to the position of spots in x,y, z

nuclei label matrix (in 3d) where each nucleus is a connected
component with a unique number

cells label matrix (in 2d) where each cell is a connected component
with a unique number

cdc_phases
list with total DAPI intensity of each nucleus as the first column,
cell volume as the second column, and a boolean denoting if the
cell has a bud as third column

OUTPUT:

peaklist

input table supplemented with five additional columns
containing the number of the cell and the nucleus (0 if spot is
not within any cell or nucleus; negative if the spot would be in
the nucleus if the nuclear boundary was extended by 2 pixels),
the total DAPI intensity of the nucleus, the cell’s volume, and a
boolean denoting presence of a bud
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calculateimagefittedintensities.m This function returns a 16bit image with the
intensities calculated from the point spread function, the peak positions, and the peak
intensities.

INPUT:
peakpositionsand-
intensities

list with spot positions and their intensities, its columns are: x -
y - z - intensity

dimensions dimensions of the image
params general parameters
sigmaz fitted width of the psf in axial dimension

OUTPUT:
fittedintensityim-
age 16bit image of the dimensions specified by the input

checkfitting.m Create an RGB image with the original image (maximum z-projection)
in gray scale and each spot position in green (written by Stefan Semrau). Adaptive
histogram equalization is applied to the max projection. The image is saved in the same
directory as the original image with ’_check’ appended to the file name.

INPUT:
img 3D image of one fluorescence channel

peaks
list with peak positions, first three columns must be x, y, z
position of each spot; second to last column must be the number
of the nucleus, third to last the number of the cell

name filepath and image name; output images will be saved to [name
’_check.tif’] and [name ’_check3D.tif’]

checksegmentation Create images for a visual inspection of segmentation
(checksegmentation_cells_filename.tif and checksegmentation_nuclei_filename.tif).

INPUT:
cells 2D label matrix of cell segmentation
nuclei 3D label matrix of nuclei segmentation
dapiimage 3D DAPI image
basedir directory to which the images are saved
fileID name of the image file

find_buds.m Identify cells with buds. Calculate the ratio of the Euclidian distance of
two points on the perimeter of a cell to their distance along the perimeter. Find the pair of
points with minimum ratio, if this is smaller than a threshold the cell is counted as budded.

INPUT:
cells 2D label matrix of cell segmentation
params general parameters

OUTPUT:
budding list denoting for each cell whether or not it has a bud
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find_offset Find offset between two dichroichs based on the two DAPI images of the
same position. Minimize the difference between shifted versions of the two black/white
images of nuclei segmentation.

INPUT:
nuc1 3D label matrix of nuclei segmentation from image with dichroic

1

nuc2 3D label matrix of nuclei segmentation from image with dichroic
2

params general parameters
OUTPUT:
offset [offsetY, offsetX, offsetZ] in pixels

find_spots.m Spot identification based on the LoG (laplacian of gaussian) filtered
image. The number of spots is calculated as function of the threshold. The threshold
for which a window function that calculates the average spotnumber divided by the sum of
the standard deviation of the spot number and a constant is maximized is automatically
selected. A list of those positions in 2d, where each spot has several positions in this
list, depending on the number of z-layers it appears in, is created as output. After the
automated thresholding, connected regions are filtered for size and regions larger than the
size of a single spot are divided into subregions.

INPUT:
image fluorescence image (3D)
params general parameters

outputdir directory to which the plot of spot numbers versus threshold is
saved

OUTPUT:

peaks

list with a peak identifier in the first column, x, y, z coordinates
in the second column, and the maximum pixel value of the spot
in the corresponding layer in the last column. Positons that
belong to the same peak (in different z layers) have the same
peak identifier

fit.m Main function. For input/output details see section 6.4.4.3.
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fitpeaks.m Wrapping function to obtain positions and intensities of spots from the raw
image by iteratively applying FT and filtering, the spot detection function, subtraction of
fitted intensities and improving of the background estimate. Optional: deconvolution of
the image prior to analysis.

INPUT:
basedir directory with the original images
imageID filename (without filetype) of the images to analyze

spotimages 4D image composed of (cropped) 3D images for each channel
with RNA FISH data

params general parameters

psfimage normalized image of the point spread function; only needed if
deconvolution is to be performed, otherwise can be set to 1

cells 2D label matrix of cell segmentation
nuclei 3D label matrix of nuclei segmentation

cdc_phases list with one row for each cell; columns are DAPI intensity in the
nucleus, cell volume, boolean denoting if the cell has a bud

OUTPUT:

outpkza

list with peak characteristics. Each row corresponds to one spot,
the columns are: x - y - z(fitted with gaussian) - z(weighted
average) - intensity average from mintracelength layers (average
over maximum pixel intensity within the spot in each layer) -
maximum pixel intensity - fitted sigma from layer with max
intensity - intensity fitted with fixed sigma (maximum) -
intensity fitted with fixed sigma (average over mintracelength

layers) - correction for illumination profile - cell no - nuclei no -
DAPI intensity of the cell’s nucleus - cell volume - bud(yes/no)

fitzwidth.m fit the width of the point spread function in axial dimension from the traces
of intensities along the z-axis

INPUT:
outpeaks list of peak positions and intensities in 2D, the first column gives

the peak number, the ninth row the intensity
params general parameters

OUTPUT:
sigmaz fitted average width of point spread function in axial dimension

fftfilter_nowrap_fast.m 2d discrete Fourier Transform and Gaussian filter (written
by Stefan Semrau).

INPUT:
imraw 2d image
epsin filtering parameter

OUTPUT:
imnew image with structures larger than epsin
imsub image with structures smaller than epsin
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gaussian_intensities.m Computes the 2D gaussian PSF respecting pixelation
(written by Stefan Semrau).

INPUT:
p p(1): peak width (FWHM),p(2): intensity integrated over the

whole area
xpos position in x dimension
ypos position in y dimension
length size of the output array is (2length+1) square

OUTPUT:
f array with the values for the PSF

improcess.m This function performs a discrete FT on the image, applies a gaussian
filter to remove objects larger than bgfilt or smaller than denoise, and inverse FT, the
resulting image is saved in the same directory as the image input as a 32bit tif image(written
by Stefan Semrau).

INPUT:
infile file name of tif stack
frame vector containg first and last slice to be processed e.g. [1 22]
params general parameters

index counter for the iterated process of fitting intensities and
improving the background estimate

LOG_filter.m Applies a Laplacian of Gaussian filter in three dimensions to the input
image.

INPUT:
ims input image

dim length of the filter (the filter is a tripled square matrix of this
size)

bandwidth standard deviation of the gaussian
OUTPUT:
outims output image

LOG_filter2D.m Applies a Laplacian of Gaussian filter in two dimensions to the input
image.

INPUT:
ims input image
dim length of the filter (the filter is a square matrix of this size)
bandwidth standard deviation of the gaussian

OUTPUT:
outims output image
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myfitpeaks_thompson_nooffset_wcheck_smallmat.m In two dimensions fit
the position and the intensity of a peak candidate using the gaussian mask algorithm; the
input peak list has to contain positions of local maxima (written by Stefan Semrau).

INPUT:
infile filepath to the input image
peaks matrix with candidates (produced by find_spots)
params general parameters

OUTPUT:

outpeaks

list where each row corresponds to one spot position in 2d, the
columns are: peak identifier, number of frame, x-position,
y-position, max pixel intensity, area intensity, fitted FWHM,
intensity with fitted FWHM, intensity with fixed FWHM

mygaussianfast.m Computes the gaussian PSF respecting pixelation(written by
Stefan Semrau).

INPUT:
p p(1): x-position, p(2): y-position, p(3): FWHM of PSF, p(4):

intensity integrated over whole area, p(5):offset (no longer in use)
mat matrix with pixel values (defines size of the output)

OUTPUT:
f array with values of the PSF

parse_stack.m Read in a three-dimensional tiff image (written by Leonid Teytelman).

INPUT:
filename string containing the filepath to the image

OUTPUT:
ims 3d image

readparams.m Read in parameter values from a specified file or set to default values
INPUT:

parameterfile string, either the filepath to a parameter file or ’default’ if
default parameters are to be used

OUTPUT:
parameterstruct struct with all general parameters



6.4. Supplemental Information 179

segment_cells_DAPI Segmentation of cells based on the DAPI image. In a median
filtered max projection of the DAPI image a threshold is generated using Otsu’s method
applied only to regions outside of nuclei. This gives an initial estimate of areas of the
image with cells (individual cells are not yet separated). For this initial estimate a euclidian
distance transform is calculated and a watershed segmentation is performed on the distance
transform using the nuclei as seeds. This is repeated with a lower threshold for the initial
cell area estimate and both segmentations are merged based on cell sizes and shapes.
INPUT:

imageoriginal 3D DAPI image
nuclei 3D label matrix of nuclei segmentation
params general parameters

OUTPUT:
cells 2D label matrix with unique numbers for each cell
cells3D 3D label matrix with unique numbers for each cell

cdc_phases
list with total DAPI intensity of each nucleus as the first column,
cell volume as the second column, and a boolean denoting if the
cell has a bud as last column

segment_nuclei Segmentation of nuclei based on the DAPI image. Initial thresholding
according to Otsu’s method (minimization of intraclass variance). If this finds the complete
area covered by cells rather then nuclei a second threshold is determined with Otsu’s method
within the class of pixels with values higher than the first threshold. Subsequent filtering
with structuring element of size 3 and filling of holes in 2D. In a last step nuclei are filtered
for appropriate minimum and maximum sizes in 3D.
INPUT:

DAPI image 3D DAPI image
params general parameters

OUTPUT:
nuclei 3d label matrix with unique numbers for each nucleus
numnuc number of nuclei found




