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It is widely believed that in Drosophila melanogaster the pattern of Bicoid protein gradient plays a crucial role in the
segmentation stage of embryo development. As a result of its fundamental role, modelling the Bicoid gradient has

become increasingly popular for researchers from many different areas of study. The aim of this paper is to bring
together the most prominent studies on this maternal gene and discuss how existing techniques for modelling this

gradient have evolved over the years.

Keywords: bicoid; Drosophila melanogaster; model; segmentation gene

INTRODUCTION

The fundamental question of how a simple fertilized cell
develops into a complex multicellular organism has
attracted the interest of many biologists over the last
three decades. However, the first noteworthy attempt to
answer this question was by Driesch in 1891 when he
tried to separate two sea urchin blastomeres [1]. Taking
Driesch by surprise, each of the separated blastomeres
developed to a half-sized blastula rather than a half sea
urchin which was the expectation [1]. This result
furnished Driesch with the idea of considering a
coordinate system which specifies information on a
cell’s position [1]. Following more extensive research,
this initial view by Driesch is now considered as a
fundamental step in the discovery of what we know today
as morphogen. Today, it is widely accepted that in
developmental processes, the pattern of morphogen
products play a key role in directing the embryo into a
complex multicellular organism.

A prime example of morphogens is bicoid', which is
the first known morphogen identified by Nsslein-Volhard
in 1988 [2]. Bed is a homeodomain transcription factor
which plays a crucial role in patterning the head and

thorax of Drosophila body [2]. There are several studies
which proved the important role of this morphogen in
developing the anterior structure of Drosophila [2—4]. For
example, Frohnhfer et al. [5] showed that embryos
receiving different doses of Bcd have differently sized
anterior structures, Figure 1A, and in the absence of bed,
anterior structures of body are replaced with posterior
regions.

During the oogenesis bhcd mRNA which is synthesised
in the nurse cells is localised at the anterior end of the egg
[4]. After fertilization, translation of the bcd begins and
consequently Bced distributes along the Anterior-Posterior
(A-P) axis of the egg and forms a concentration gradient
of protein [2]. This establishment occurs during the first
three hours after fertilisation which Drosophila embryo
experiences 14 different cleavage cycles [2,6,7]. It is
worthy to mention that unlike most of the animal
embryos, Drosophila develops a syncytial blastoderm of
about 6,000 nuclei at the cortical layer. Lack of cell
membranes makes Bced diffusion much easier during this
stage [2,8]. After 3 hours, contribution of several genes
(among which bcd has a significant role) results in
developing blastoderm (Figure 1B) [2,8,9].

Moreover, as stated in [2,8] it is believed the

!The italic lower-case bcd represents either the gene or mMRNA and Bcd refers to the protein.
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Figure 1. The BCD protein is a morphogen. (A) Different doses of bcd affects the size of the head in Drosophila embryo. (B)
Nuclear divisions in 14 cleavage cycles produce a syncytial blastoderm. Figures adapted from [5] with permissoin.

commencement of target gene transcription such as
hunchback (4b), kruppel (kr), and even-skipped (eve) is
regulated by Bed gradient in a concentration dependent
way.

Since the discovery of morphogens and specially the
role of Bced, several models have been proposed for
describing the morphogen gradient and analysing the
positional information encoded by Bed (reviewed in
[6,10]). The first few models rely only on the production
and diffusion of the morphogen and they are mostly based
on reaction-diffusion partial differential equations
(PDEs). However, the simplicity of the considered models
which limited the performance of the mechanism led
researchers of many different areas, especially those from
developmental fields to introduce more advanced models.

It is imperative to note that even with all these models
there are still some fundamental questions to answer. For
example, ambiguities regarding the factors which are
involved in achieving Bcd precision and establishing the
same Bcd concentration gradient in each embryo. Factors
like the amount of bcd mRNA to be deposited, its
localisation and the amount of protease required for
degradation. Moreover, this gradient is due to change by
environmental changes such as temperature [8].

The remainder of this paper is organised such that the

section of Models describes the different models proposed
for describing Bed gradient which is followed by a brief
introduction on the noise reduction methods used for
filtering the Bed profile in order to obtain the quantitative
data in the section of Noise reduction methods. The
Database section describes the databases available for
studying the developmental processes of Drosophila. The
paper concludes with a concise summary in the last
section.

MODELS

Efforts to introduce a model for Bed gradient has brought
together many researchers of different areas including
biologists, physicists, and statisticians. Hence, in different
studies several aspects of this gradient including mole-
cular, functional and developmental have been considered
as the main axis of the research.

Nevertheless, in this paper we attempt to classify those
studies mainly focused on Bed gradient, understanding
the basic models which describe not specifically Bed but
morphogens gradient formation is essential. Coming
below is a summarised note on the proposed models
and in doing so we mainly followed the attributed
published studies and [6,10,11].
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In 1902 Morgan published a book entitled regeneration
and in that book he suggested that cells’s fate in an
organism is determined by the gradient of “formative
substances” which specifies the pattern formation [12].
Later on through an experiment, Spemann [13] discov-
ered that in a gastrola a secondary body axis can be
formed by grafting a group of dorsal cells onto the
opposite ventral pole. This study indicated that the
gradient responsible for pattern formation is released by
a group of localised cells [13] which according to Child’s
study represents a metabolic function [14].

In 1952, Turing named these chemical substances as
morphogens [15]. He also introduced the reaction-
diffusion model which shows that different morphogens
with slightly different diffusion properties will interact
with each other and generate spatial patterns of morpho-
gen concentration [10].

The establishment of morphogen gradient is then
described via the French Flag Model [16]. According to
this model, morphogen is extracted from a group of
source cells to provide positional information and
different target genes are expressed above the specific
concentration thresholds (Figure 2).

Later on according to Source sink model [17], it was
proposed that the morphogen molecules are produced in
source cells and destroyed at the other end by “sink” cells.
However, nowadays it is known considering sink cells is
not compulsory since the morphogen gradient can be
formed even if it is not degraded at all [10].

The gradient of Bed for the first time was visualized by

Target cells
R ——

antibody staining in [2]. Using this method and the
previous models like Differential Equations, authors
proposed the Synthesis Diffusion Degradation model
(SDD) which is the most widely accepted model for Bed.
According to this model, Bed gradient in the embryo
follows an exponential curve until it reaches a steady state
in which the production and degradation of Bcd
molecules are in a balance. Since then, studying this
gradient has become popular and many quantitative
models of gradient formation have been developed.

Most of the models accounting for Bed gradient
establishment rely on three main concepts: Bed synthe-
sists at the anterior end of the embryo, diffusion and
degradation. Interestingly, what makes these models
different from each other is the considered assumptions
for different parameters.

Differential equation

This equation is the first mathematical model proposed for
describing Bced gradient in 1985 [6]. Based on this model
by assuming the space interval as Ax, the concentration of

Bcd molecules over the period of At will follow the
Equation (2).

C(x,t + At) = C(x,t) —kC(x,t) At

1 1
+d|—-C(x,1) —|—§C(x—|— Ax,t) +§C(fox,t)

+j(x,1)At. (1)

» Distance to the source

Concentration :
threshold 1 AN

(Cell number)

—> Distance to the source

X (um)

Figure 2. French flag model. Based on this model the concentration is a function of the positions x. The morphogen activates
different target genes above different concentration thresholds (brown and orange). Figure adapted from [10] with permission.
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where C is the concentration of Bed [molecules/um®] and
is a function of space and time. It should be noted that for
a very small Az the concentration of Bed at time ¢ +At is
equal to the concentration at 7. Unlike the sink model
which considers a localized sink, in this model in order to
generate the steady-state gradients morphogens are
degraded with a constant degradation rate k[1/s] and the
terms inside the bracket describes the Bed movement
which is respectively related to the diffusion, leaving and
coming Bed molecules from the adjacent positions xF Ax.
The one-half here shows the equal probability of Bcd
movement to the left and right, d is used for scaling and is
related to the D which is diffusion coefficient and j is the
source function accounts for describing the spatial
distribution and the rate of Bed production [6].
Accordingly, the rate of alteration in Bed conccentra-
tion can also be obtained by reordering Equation (2):

C(x, t+At)—C(x, 1)

At
= —kC(x,1)
d(Ax)* —2C(x, t) + C(x + Ax, t) + C(x—Ax, t)
2A¢ (Ax)?
+Jj(x,1), )

by assuming the limit Az, Ax — 0 equal to a finite value
when d(Ax)?/2At=D, Differential equation can be
obtained.

oc _ &°C

— =D——kC +. 3

o Ve KT ®
From now for the simplicity we can show C(x, f) as C.

It is worthy to mention that when using this model

different assumptions should be taken into account and
also the parameters used in this model are not tractable
thorough analytical solutions since the parameters in

Equation (3) are the representor of the macroscopic
properties of the embryo which sometimes are not a good
representative of Bcd molecules (for more information,
see [6,10,17]).

Synthesis diffusion degradation model

As mentioned earlier this model was proposed by Nsslein-
Volhard and is widely known as the SDD model. It should
be noted that j(x, ¢) for any other space rather source is
equal to zero so having diffusion and degradation
together, the diffusion equation with linear degradation
can be achieved and the changes in Bcd concentration C
over time ¢ can be written as:
2
oc D(-}ic

— —kC. 4
ot ox? @)

Sy . oC
Now by considering the fact that in the steady state, e

= 0 diffusion equation with linear degradation can be
written as:

*C  k

ox> D

Seeking to find a solution for the second derivative of C
either an exponential functions or sums of hyperbolic
sines and cosines can be considered since the latter case

can also be written as exponentials, the general solution
for C follows:

©)

C=Coe 7, 6)

where A is a constant value. Assuming C = C, at x = 0,
therefore Cy is the source concentration and at x = A, C
will be equal to Cye™’, thus A is the distance to the source
at which the concentration has dropped to 1/e of the
maximal value at the anterior (at x = 0) (Figure 3A). It
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Figure 3. Bcd gradient along the A-P axis. (A) Calculating the length constant [6] 1. (B) Expression the different target genes
based on Bcd gradient (find the detailed explanation in text). Figures adapted from [6] with permission.
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should be noted that the Equation (6) is only true when the

D
limit of L > Aand A= = This exponential decaying

gradient is referred to as the SDD model [2,8,9,18]. This
model can also be written as:
Co _
C i Ae

Based on this model the activation of gap genes such as
hb and kr is regulated by the Bed gradient and their
transcription will begin at different concentration of Bed
[2].

In 2005 the SDD model was tested by injecting Dextran
in living embryos and this resulted in added support for
the SSD model [9]. In that study the relation between
changing the egg size during evolution and gene
expression pattern scaling was also investigated and the
authors showed that diffusion constants are essentially the
same in closely related dipteran species with embryos of
very different sizes. However, the pattern of gene
expression in different species scales with egg length
and is dependent on various Bcd lifetime in different
species [9].

Among the quantitative approaches Gregor et al.
experiment in 2007 [19] on nuclear dynamics and
stability of the Bed gradient must be addressed to achieve
a successful study. The issues outlined by Gregor et al. is
mentioned below in detail and discussed further using the
experiments achieved by other similar studies.

According to [9,19] Bed gradient is established within
the first hour after fertilization and it will not change
during blastodermal stages (by 10% precision). However,
Bed is a DNA-binding protein and the nuclear Bed
concentration has an up and down pattern during the
mitosis caused by forming and deforming the nuclear
membrane [19]. These observations raised the question on
how the stable Bed gradient is established in spite of the
repeated dynamical structural change of embryo which
happens after mitoses of nuclei.

The important part of this study is measuring the
diffusion coefficient of Bcd using fluorescence recovery
after photobleaching method which these coefficients
turned to be D ~0.3 um*/s and A ~100 pm. Therefore, the
author concluded that using the SDD model, the time
needed for achieving the steady state concentration profile
(>9 h) is much greater than the syncitial embryonic
development time (~2 h) and protein lifetime 7, and also
the length constant A is much smaller than the length of
the embryo [19]. Considering this slow Bed diffusion how
can the gradient be formed so quickly after fertilization?

Taking the nuclear degradation into account, Gregor et
al. [19] proposed a variant of the SDD model and
suggested that this gradient is established by the intra-
nuclear degradation of protein.

ol

(M

In that model, transporting the molecules into the
nucleus depends on the Bed concentration in the
cytoplasm (k;,Cou). However the molecules which
disappear from nucleus are both transported back into
the cytoplasm (at k) and degradation (at kg n..) are
accounted for. This dynamic for n(f) nucleus can be
written as:

on(t) 1
=k;,C,,——n(t 8
6t in~out Tnn( )a ( )
1
T_:kout + kdfnuca (9)

n

where 7, is the life time related to the Bcd molecules in the
nucleus. As cytoplasmic concentration approximated to
be constant, hence we have:

n(t):noo—Anoe(ft/T"), (10)

where Any is the molecules reduction, and n., =k;,7,C,,,
is the number of molecules at nucleus steady state.
Following this equation 7,, is approximated to be around 1
or 2 minutes. Considering this equation along with the
physical factors of the nucleus Equation (11) can be
achieved:

Cm _3DTn
Cour 7] % '

)

where r,, is the nucleus radius.

Gregor et al. [19] also suggested three possible reasons
for the paradox seen between the slow obtained diffusion
constant and rapid formed steady state; either diffusion
coefficient is due to change in different temporal and
spatial conditions or nuclear contribution function and
active transportation should be taken into account.

Seeking to find an answer to the question above, several
explanations were then proposed in different studies:

Pre-steady-state decoding

Based on the previous studies, it was generally assumed
that cell fates are induced only after Bed steady state.
However, in 2007 the pre-steady state decoding hypoth-
esis raised by Bergmann et al. stated that Bed gradient is
decoded before reaching a steady state [18]. Based on
their experiment, changes in Bed dosage will induce small
shifts in gap and pair-rule gene expression domains,
which can be concluded that the observed shifts are
related to the gap genes positions to the source because
those genes at the posterior part found to be less sensitive
to Bed changes which is in consistent with steady state
assumption. Accordingly this model is able to explain
small shifts in gap and pair-rule gene expression domains
[18]. Based on this model solution attributed to the
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Equation (3) is time independent and Bed concentration
changes with time:

Co | _x e 7 2Dt/ A—x
= A -/ -
C o le 5 erfc< )

VaD1
_62_760% (%)1 . (12)

Based on this model the A is not constant and is due to
change by both degradation and diffusion time.

Nuclear trapping

The idea of nuclear trapping by Coppey proposed a
substitute for degradation of the Bced [10,20] and can
explain the temporarily stable Bcd gradients in the
absence of degradation. Based on this idea nuclear
divisions increase the nuclear density in the syncytium,
as well as shuttling the Bcd molecules in and out of nuclei
at each cleavage cycle which in turn decreases the
effective diffusivity of Bcd. Hence, the nuclear Bced
concentration will be stable over several cleavage cycles,
although the total concentration continuously increases.
In this model the stable Bed concentration in the nuclei
will be read out by target genes.

@ei%fx-erci
vz e ek (A(z))]’ (9

C
C(tot) = 30

bcd mRNA based approaches

As discussed before based on [21,22] bcd mRNA is
transcribed in the mother and localised at the anterior end
of the egg and encodes Bcd. These molecules then by
diffusion establish a gradient along A-P axis. However,
Surdej and Jacobs-Lorena in 1998 suggested that the
stability of maternal hcd mRNA is under a systematically
regulation [23] and following this experiment a com-
pletely different approach for describing Bed gradient
establishment proposed by Spirov et al. states that Bed
gradient is formed mainly by transporting bcd mRNA
along the cortex rather than by Bced diffusion. Using FISH
method and confocal microscopy authors showed that the
gradient related to hcd mRNA and Bced are virtually
identical at all time classes. Moreover, the proposed
Active RNA Transport and Synthesis (ARTS) model
could successfully explain small measured diffusion
coefficient by Gregor et al.

According to ARTS model Berezhkovskii et al. stated
that since there is no production of mRNA at the anterior
part and all the bcd is provided by the mother, the bcd
diffusion will follow a Gaussian rather than exponential

distribution. Taking this distribution into account the
source function of Equation (3) can be rewritten as:
C ¥

J= e 27, (14)

where o is the length constant attributed to the mRNA
Gaussian distribution (i.e., Azyy = o), now another
solution for the Equation (3) can be obtained:

(72 X 2 X —_
C(x) =% e (eTeifc(U\/;Aix ) + e Zerfc (O\J/E/{?))
15)

Following this solution Bed gradient is not just a simple
exponential curve and both A and & should be considered
in gradient formation model.

According to these findings another computational
model proposed by Dilao and Muraro [24] which
considers that bed mRNA diffuses along the A-P axis
and Bcd protein production happens in the ribosomes
localized near the syncytial nuclei. In that model a scaling
relation has been considered between bcd diffusion
coefficient, degradation rate and embryo length and the
steady state obtained when the bcd translation is
completed. Hence, the idea of Bed degradation is not a
necessary step in this model.

However, in 2011 Little et al. by using a novel method
of fluorescent in situ hybridization found that approxi-
mately 90% of all bcd mRNA is still localised within the
anterior 20% of the embryo. Hence the result is in
consistent with the Dilao and Muraro work because the
mRNA spatial distribution is not sufficient to provide the
Bced protein gradient specially at the posterior end of the
egg therefore either the active or passive Bcd movement is
necessary for gradient formation [25].

The precision and reproducibility of positional infor-
mation of Bed were also studied by Gregor et al. in [26]
where a 10% concentration difference was reported to be
necessary to distinguish individual nuclei from their
neighbours. However, the absolute concentration of Bed
molecules at half-embryo length, where Bed targets Hb,
found to be too low to be distinguished by nuclei [26].
Thus, the author attempted to quantify three other
measures of precision; limits set by the random arrival
of Bcd molecules at their targets, input-output relation-
ship between Bcd and Hb and reproducibility in the
spatial profile of Bcd from embryo to embryo. Using a
combination of different experiments, all of the quantities
mentioned above found to be 10% [26]. This quantifica-
tion suggests that mechanisms other than mere noise
reduction should be involved to achieve a 10% accuracy
and it was concluded that the pattern formation in embryo
is not faced with noisy input signals and variable
readouts, but is instead precisely and reproducibly
controlled [26].
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To understand the mechanisms that control this extreme
precision and reproducibility, several studies were con-
ducted by other researchers [27-29]. For example, a
fundamental dynamic mechanism in which transcription
apparatus coordinates the reliable transcriptional
responses to cellular signals were introduced in [27].
Using stochastic simulations in that study, Wang et al.
challenged the traditional model for gene regulation
system, which suggests that activators regulate gene
transcription through recruiting proteins such as general
transcription factors and RNA polymerase II (Pol II), and
proposed instead that this system is through controlling
circumstance where Pol IIs reinitiate transcription that
activators mediate the responses to the upstream signals
[27].

It is imperative to note that although the approaches
employing statistics and probability theories are consid-
ered to be powerful in this field, still an experimentally
elucidation based on the dynamic mechanisms of
molecular machines is needed to be developed. The
stochastic approaches conducted to explain the dynamics
of Bed gradient are discussed in more details in the
following section.

Stochastic models

The deterministic models presented so far have limita-
tions when the uncertainties analysis is required. Thus, a
number of researchers attempted to study a discrete
chemical reaction system, based on stochastic simulation
to provide a more detailed understanding of the chemical
reactions in morphological systems [11,30-33].

According to [11], the procedure of stochastic simula-
tion is to answer two fundamental questions: “which
reaction occurs next and when does it occur?” and is
considered as a new successful method for simulating
evolution at the genomic level. However, when the
system contains many reactions, the stochastic simulation
can be computationally expensive [11].

In order to understand the dynamics of Bed gradient
formation at the molecular number level and identify the
source of the nucleus-to-nucleus expression variation Wu
et al. formulated a chemical master equation by
considering the embryo as a finite number of sub volumes
and presented stochastic simulations for molecules
undergoing transitions between those compartments
[34]. The simulations then obtained using publicly
available software MesoRD [35]. Another stochastic
approach can be found in [36] where a bayesian inference
approach presented in order to solve both the parameter
and state estimation problem for stochastic reaction-
diffusion systems.

To address that how Bed gradient is generated and read
out precisely to distribute Hb with a small embryo-to-

100 200' 300 =
400 200
X (um) 500
Figure 4. A simulated embryo at cleavage cycle 14
showing the local total Bcd concentration [Byy]
(arbitrary units). Figure adapted from [51] with permis-
sion.

embryo fluctuation, Okabe-Oho et al. developed one- and
three-dimensional stochastic models in which in the three-
dimensional model the effects of dynamically changing
nuclei are examined by considering a cylinder of length L
~ 490 m extending along the AP axis of the embryo [37].

Following the obtained results by these two models, it
is reconfirmed that the stable profile of Bcd is established
by the stochastic processes of synthesis, diffusion and
degradation as well as the rapid movements of the Bcd
molecules to nuclei [37]. Moreover, the authors claimed
that the random arrival of Bced at the 4b enhancer causes
the fluctuations in sb gene profile [37].

In another model presented in [38], two forms of Bed
molecules were considered in the model; free-diffusing
molecules, Bfree, that are in the cytoplasm, and immobile
molecules, Bbound, that are bound to low-affinity DNA
sites inside the nuclei. According to this two dimensional
stochastic model, Bbound plays a significant role in
formation of the Bed gradient [38] confirming the results
of [26] in which showed that the random diffusion of Bcd
and Hb are dominant sources to limit the precision of
readout (Figure 4).

The quantitative and theoretical analysis of Bed
gradient allowed to focus attention on several key issues:
the generation mechanism of Bed profile, the readout
system of this gradient for downstream genes and the
important parameters that needed to be measured.
However, still a simpler quantitative model with more
molecular and cell biological depth is encouraged to be
developed. Such a less detailed mechanism, in which
avoids using too many equations and parameters gives a
more reliable image of Drosophila morphogene system.
Furthermore, the fundamental questions of how morpho-
gens and their receptors are moving inside cells and at the
extracellular matrix and how precision and robustness of
developmental control is achieved at the molecular
number level throughout development are yet to be
addressed.

188 © Higher Education Press and Springer-Verlag Berlin Heidelberg 2015



Mathematical approaches in studying bicoid gene

NOISE REDUCTION METHODS

As discussed earlier, accurate quantitative data has a huge
importance for prosperity of a developmental study. To
extract the quantitative data from the confocal images
several steps should be taken into account which among
them removing noise is a crucial step since the efficiency
of the proposed method largely depends on the accuracy
of the data used as the source. In this section we introduce
two different procedures which have been used so far for
filtering Bed profile.

The noise removal stage applied in FlyEx database
mainly relies on removing noise by approximating the
signal using symmetrical 2D parabloid plus a linear
mapping of intensity. This process applied for most
segmentation genes [39]. However, this procedure is not
applicable for Bcd because the size of the Bed
nonexpressing areas needed for applying this method
procedure is not large enough, so as an exception,
removing noise for this gene is simply achieved by fitting
the following exponential model plus a constant value
[40]:

Coe 7 +B. (16)

where the constant value of B is added to make the further
correction.

Another useful method for filtering Bed and extracting
the signal is Singular Spectrum analysis (SSA). SSA is a
powerful nonparametric method for time series analysis
and forecasting [41] and was introduced for reducing
noise in Bed in 2006 [42]. Although SSA is normally used
for analysing time series data, for the data traced in space
like Bed data, different intensities along the A-P axis can
be defined as the time reported data. For example,
considering a set of intensities related to the A-P axis of a
given time class as Yy = (31, ..., yn) With length of &, the
main purpose of SSA is to decompose this series into a
sum of a small number of series, so that each subseries can
be identified as either a trend, periodic or quasi-periodic
component or noise. This is followed by a reconstruction
of the original series.

1.2F
1.0
0.8
0.6
0 04r

0.2}

0.0k
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Fri

Parameter A
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Unlike the previous method, SSA does not require any
assumption regarding the gene expression pattern and its
applicable for all the segmentation genes. It also does not
rely on any assumptions about the data or residuals. These
features make SSA as a valuable method for signal
extraction and since then it has been used in several other
studies, see for example [42-47].

Even though the signal extraction by SSA appears to be
simple, in practice it is a complicated task since for some
cases the trend cannot be separated from noise or cyclic
components just by choosing the first eigenvalue [48].
Hence, in addition to the basic SSA approach, two
theoretical developments of this method have also been
used for Bed noise reduction: two dimensional SSA (2D-
SSA) and SSA based on minimum variance. The data
points used in 2D-SSA study attributes to the intensity
levels for the positions along both AP and Dorsoventral
(DV) axis and are considered as a sequenced series
[49,50].

Recently, SSA based on minimum variance was
examined for filtering and extracting the bcd gene
expression signal [51] and the results illustrated that
SSA based on minimum variance can significantly
outperform the previous methods used for filtering
noisy Bcd [51]. An important contribution from this
work is shown in Figure 5 which depicts the normal
distribution of the estimated parameters 4 and A before
and after filtering. As it appears, parameters show
different values in noisy and noise-free series, which
confirms that noise reduction does help to obtain a better
model. Thus, if the user is inclined to apply a parametric
model such as SDD, it is strongly suggested that they first
reduce the noise with any noise reduction method (here
for example SSA) and then fit a model to the noise
reduced Bced, or they may simply apply SSA, which is
recognized for both noise reduction and trend extraction.

It is imperative to note that even though achieving a
clear signal using SSA, the extracted signal profiles do not
follow the expression data satisfactorily when the data
series changes sharply. Therefore, in order to solve this
issue and capture the peaks of the profiles using sequential
SSA is recommended. Such a recursive SSA application

Frequency
o N M OO
T

194 19.5

19.6 19.7 19.8 19.9

Parameter A

Figure 5. Distribution of the estimated parameters of A and 2 for noisy bcd and noise-reduced bcd (thick line) the actual
values of A and 1 are equal to 200 and 20 respectively. Figure adapted from [51] with permission.
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produces a gradual extraction of the signal present in the
noise. Moreover, since identifying the number of
eigenvalues needed for signal reconstruction plays a
significant role in extracting signal using SSA, develop-
ing an algorithm which optimises signal and noise
separation by identifying the number of eigenvalues
needed separately for each gene is essential.

DATABASE

Along with increasing number of databases in genetics,
availability of a source which contains accurate informa-
tion and quantitative data specified to Drosophila plays a
significant role in developing new models for analysing
Bced gradient and the regulatory network between several
segmentation genes.

There are several databases which provide comprehen-
sive information on genomic and developmental process
in Drosophila, like FlyBase [52,53], Flymove [54] and
FlyEx [39,55], BDGP [56], DroID [57], FlyTF [58],
FlyMine [59], FlyAtlas [60], FlyCircuit [61]. Each of
these databases provide different aspects of information
needed for understanding the Drosophila development.
Since FlyEx is the most popular database for providing
quantitative data, we will briefly touch upon the
methodology used for gathering this quantitative data.

FlyEx

FlyEx [62] is a large database on Drosophila segmenta-
tion genes expression in cycles 11-13 and all temporal
classes of cycle 14A. This database contains 4,716 images
of 14 segmentation gene expression patterns obtained
from 1,579 embryos and 9,500,000 quantitative data
records.

FlyEx is designed as a spatiotemporal atlas on the
following 14 maternal coordinate genes: bicoid (bcd) and
caudal (cad), gap genes Kruppel (Kr), knirps (kni ), giant
(gf), hunchback (kb) and tailless (¢/l), pair-rule genes
even-skipped (eve), fushi-tarazu (fiz), hairy (1), runt (run),
odd-skipped (odd), paired (prd) and sloppypaired (sip).

The quantitative gene expression data was also
obtained from 1,580 wild-type (OregonR) Drosophila
melanogaster fixed embryos immunostained for segmen-
tation proteins (Figure 6).

A short description on the methodology used for
gathering the Bed data in FlyEx is given below, and in
doing so we mainly follow [39,55] where a more detailed
description is made available.

Confocal imaging: The images of gene expression
patterns are obtained by confocal scanning microscopy.
As described in [63], gene expression was measured by
using fluorescence tagged antibodies technique, and the
final image of a single gene expression pattern in the

D-v
100

90
80
70
60
50
40
30
20
10
0 A-P
0 10 20 30 40 50 60 70 80 90 100

Figure 6. An example of a gene expression image
from Flyex. Different colors of pink, blue and green are
respectively related to bed, Hb and Gt. Figure adapted
from [62] with permission.

embryo is achieved by averaging, cropping and rotating
the obtained image.

Image segmentation: This step can be considered as
the compensation method for the size differences among
embryos. At a given time each embryo is scanned for the
expression of three segmentation genes and this process
continues by combining three embryo images and the
resultant image is then segmented to make a binary
nuclear mask. The advantage of using the binary nuclear
mask lies in determining the average x and y related to
each nucleus in order to estimate the average fluorescence
level of each three gene expressions. A description on the
characteristics of the mask can be found in [64].

The following two steps are applied in order to improve
the quality and characterize the obtained quantitative data
for each single embryo.

Data normalization: In this step, the background noise
is minimized by re-scaling the bcd expression data via
fitting an exponential curve [40]. The reason behind
selecting the exponential curve was further explained in
the noise reduction section.

Temporal characterization: In order to get a better
estimation of quantitative data, determining the develop-
mental age of each embryo and temporal dynamics of
gene expression data is mandatory. To this end, for the
embryos prior to cycle 14A the calculation of nuclei
number are performed. Since cleavage cycle 14A is about
50 min long, for staging embryos other morphological
markers such as examination of the blastoderm morphol-
ogy and the membrane/cortex ratio are also applied.

Registration: In this step the small size variation
among embryos within a specific temporal class will be
removed. As discussed in [65,66] there are two registra-
tion methods, the spline (SpA) and or wavelet method
(FRDWT). They mainly differ in the procedure applied to
extract the ground control points. The data obtained by
this step is called integrated data.
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CONCLUSION

In this review which is focussed on the Bed and the
related gradient, we have initially outlined a brief history
on identifying Bed’s role as well as a general concept
regarding this maternal gene. Thereafter we endeavour to
bring together and discuss different mathematical models
which have been exploited for describing Bed gradient.
As can be seen most of the theoretical analysis are based
on the three main concepts: Bed synthesists at the anterior
end of the embryo, diffusion and degradation, and the
main difference is between parameters measured by
different models. The review also unearthed that recent
models mostly have taken bcd mRNA into account.
However, what is interesting here is that even after three
decades none of the proposed models are fully consistent
with all characteristics of the Bed gradient and it is clear
that most models are proposed to give an answer to
several questions raised by previous models.
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