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Summary
Over the last decade, the sea anemone Nematostella vectensis has become a popular model to study bilaterian evolution, development and
more recently also regeneration. Understanding genetic interactions
during the early development of N. vectensis is the ﬁrst step toward
unveiling the details of its early developmental processes, e.g., polarization, the formation of the blastula and initiation of the gastrulation
process. Furthermore, the collective knowledge of gene interactions allows researchers to speculate about possible Gene Regulatory Networks
(GRNs) governing each process. The knowledge of gene interactions
also provides an opportunity to reverse engineer gene interactions in
a GRN model which potentially leads to detailed understanding of the
early developmental processes, e.g., pattern formation and the mechanics of gastrulation. There is still a limited amount of knowledge available
regarding N. vectensis gene interactions and possible GRNs involved in
each developmental process. This thesis introduces a method for extracting spatial gene expression proﬁles from in situ hybridization images of N. vectensis embryo. My collaborators and I have introduced a
systematic procedure to combine and process the available data from
different sources (e.g., in situ and qPCR) in order to understand gene
interactions and reconstruct testable hypotheses for GRNs controlling
development.
In the case of N. vectensis, spatial gene expression proﬁles are available in the form of in situ hybridization images of the embryo. The changing morphology of N. vectensis embryo during development imposes a
crucial problem for detecting the expression of the genes from the in
situ images. Therefore, we developed an algorithm to detect and track
xiii

morphological properties of the embryo from the in situ images and extract the gene expression proﬁles from the images of the embryo during
blastula and gastrula stages.
Thereafter, we used the extracted spatial gene expressions proﬁles
from in situ images to study N. vectensis gene interactions. By clustering the spatial data, we showed that we could detect functional regions
of the embryo during the blastula and gastrula stages. Similarly, we
discovered signiﬁcant developmental events by clustering the temporal
genes expressions, in the form of qPCR time series. Furthermore, we introduced a method for merging the clustering results from spatial and
temporal datasets by which we can group genes that are expressed in
the same region and at the same time in the embryo. We demonstrated
that the merged clusters could be used to identify gene interactions involved in various processes and also to predict possible activators or
repressors of any gene in the dataset. Finally, we validated our methods and results by predicting the repressor effect of NvErg on NvBra in
the central domain during the gastrulation that has recently been conﬁrmed by functional analysis.
Being able to provide a list of gene interactions, we could propose
multiple models of possible GRNs involved in different developmental
processes. However, the computationally intensive optimization procedure of reverse engineering GRNs has challenged us to improve the
optimization process before tackling the unknown world of N. vectensis
GRNs. Therefore, we developed and tested a new hybrid optimization
approach by combining two optimization algorithms, the Scatter Search
and the Simulated Annealing. With the new hybrid method, we provided
a powerful exploratory method for reverse engineering GRNs in organisms with a changing morphology during development.

Samenvatting
Gedurende het afgelopen decennium is de zeeanemoon Nematostella
vectensis een populair model geworden om de evolutie, ontwikkeling,
en recent ook de regeneratie, te bestuderen van Bilateria. Het begrijpen van genetische interacties gedurende de vroege ontwikkeling van
N. vectensis is de eerste stap in het onthullen van de details in vroege
ontwikkelingsprocessen, zoals polarisatie, het vormen van de blastula
en het initiëren van het gastrulatie process. Bovendien biedt de collectieve kennis van gen-interacties wetenschappers de mogelijkheid te
speculeren over mogelijke genregulatie netwerken (GRN’s) die elk process reguleren. Kennis van gen-interacties biedt ook een mogelijkheid
om deze gen-interacties te reverse-engineeren naar een GRN model,
welke potentieel kan leiden tot een gedetailleerd begrip van vroege ontwikkelingsprocessen, zoals patroonvorming en de mechanismen van
gastrulatie. Er is tot op heden nog steeds een beperkte kennis van N.
vectensis gen-interacties en mogelijke GRN’s die betrokken zijn in elk
ontwikkelingsprocess. Dit proefschrift introduceert een methode voor
het extraheren van ruimtelijke genexpressieproﬁelen uit in situ hybridisatie beelden van de N. vectensis embryo. Samen met mijn collega’s introduceer ik een systematische procedure die het mogelijk maakt om
beschikbare data van verschillende bronnen (zoals in situ en qPCR) te
combineren en verwerken om gen-interacties te begrijpen, en toetsbare
hypothesen te vormen voor GRN’s die de embryonale ontwikkeling sturen.
Voor N. vectensis zijn ruimtelijke genexpressieproﬁelen beschikbaar
in de vorm van in situ hybridisatie afbeeldingen van het embryo. De veranderende morfologie van de N. vectensis embryo tijdens de ontwikkeling is problematisch bij het detecteren van de expressie van genen uit
xv

de in situ afbeeldingen. Om deze reden hebben we een algoritme ontwikkeld om morfologische eigenschappen te detecteren en te volgen
uit de in situ afbeeldingen, en genexpressieproﬁelen te extraheren van
de beelden opgenomen van de blastula en gastrulatie stadia.
Hierop volgend hebben we de geëxtraheerde ruimtelijke genexpressieproﬁelen van de in situ afbeeldingen gebruikt om N. vectensis gen-interacties te bestuderen. Door de ruimtelijke data te clusteren, lieten we
zien dat we functionele regio’s konden detecteren in het embryo, tijdens
de blastula en gastrulatie stadia. Op dezelfde wijze hebben we significante ontwikkelingsprocessen ontdekt door het clusteren van genexpressies opgenomen in de tijd, in de vorm van qPCR tijd series. Tevens
hebben we een methode geïntroduceerd voor het samenvoegen van de
cluteringsresultaten uit de ruimtelijke en tijd seriële data, waarmee we
genen kunnen groeperen die tot expressie komen in dezelfde regio en op
hetzelfde tijdstip in het embryo. We hebben ook gedemonstreerd dat de
samengevoegde clusters gebruikt kunnen worden om gen-interacties
te identiﬁceren die betrokken zijn in verscheidene processen, en ook
om mogelijke activatoren en repressoren van genen te voorspellen in de
dataset. Tot slotte hebben we onze methoden en resultaten gevalideerd
door het repressor effect te voorspellen van NvErg op NvBra in het centrale domein gedurende de gastrulatie, dat recentelijk is bevestigd door
functionele analyse.
Het in staat zijn een gen-interactie lijst te produceren geeft ons de
mogelijkheid meerdere modellen voor te leggen van mogelijke GRN’s betrokken in verschillende ontwikkelingsprocessen. Echter, de computationeel intensieve optimalisatie procedure van het reverse engineeren
van GRN’s heeft ons uitgedaagd het optimalizatie process te verbeteren,
voordat we de onbekende wereld van N. vectensis GRN’s konden aanpakken. Om deze reden hebben we een nieuwe hybride optimalisatie
aanpak ontwikkeld en getest, welke twee optimalisatie-algoritmen combineert, Scatter Search en Simulated Annealing. Met deze nieuwe hybride methode verschaffen we een krachtige verkennings methode voor
het reverse engineeren van GRN’s in organismen met een veranderende
morfologie tijdens de ontwikkeling.
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Introduction
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1.1. The Fruit Fly Drosophila melanogaster

This chapter elaborates on the deﬁnition of gene regulatory networks
and their functions during the early embryogenesis. Section 1.1 introduces the early developmental processes and embryonic patterns of —
one of the most well-studied model organisms — the fruit ﬂy Drosophila
melanogaster were it deﬁnes and reviews the spatiotemporal study of
gene regulatory networks. Section 1.2 describes the embryogenesis of
the sea anemone Nematostella vectensis and its appealing properties
as a rising model organism. Finally, the obstacles toward identifying
and reverse engineering N. vectensis gene regulatory networks are discussed.

1.1 The Fruit Fly Drosophila melanogaster
The fruit ﬂy Drosophila melanogaster is one of the oldest model organisms in the history of biological research. Almost 100 years ago, D. melanogaster found its way into biological research after the discovery of
the “white gene” by Thomas Hunt Morgan [99]. Shortly after, more scientists fell in love with D. melanogaster mainly due to its short life cycle and ease of culture. More labs started to build their ﬂy room to culture and conduct experiments on D. melanogaster. The fruit ﬂy was the
driving force in different types of biological research from genetics and
physiology to development and behavior. In 1998, D. melanogaster and
C. elegans were among the ﬁrst multi-cellular organisms that had their
complete genomes sequenced [5]. The 60% estimated similarity of the
fruit ﬂy genome with the human genome made D. melanogaster an attractive model organism for studying human diseases, e.g., Parkinson
and Alzheimer.
In particular, Drosophila melanogaster has become an invaluable
subject for studying early embryonic development due to the clear segmentation of its larva, lack of separate cells in the blastoderm and ease
of adding or removing genes to/from its genome [45]. Therefore, D. melanogaster nowadays is widely used to study some of the most challenging aspects of early development, e.g., embryology, morphogenesis and
especially gene regulation.
In a series of works by Nobel laureate Christiane Nüsslein-Volhard
and her colleagues, the scientiﬁc community has gained an immense
3
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amount of knowledge regarding the role of gene expression in the body
plan formation of D. melanogaster. Nüsslein-Volhard et al. studied and
identiﬁed the mechanism of early pattern formation in the Drosophila
embryo. They discovered how the bicoid and nanos maternal gradients
respectively determine the anterior–posterior axis of the embryo, and
consequently how the Bicoid and Nos proteins maintain the anterior–
posterior polarity of the embryo until the formation of the cell membranes
[101, 103, 102]. Their discoveries also conﬁrmed the role of protein gradients — morphogens — in conveying the positional information during
embryonic development, as proposed in French Flag model [145].
Nüsslein-Volhard et al. pioneering work has inspired biologists to
discover important details of the pattern formation and body plan formation in the D. melanogaster. Nowadays we know a great deal about
different processes governing the early development stages of the fruit
ﬂy, e.g., the gap gene expression, the expression of pair-rule genes and
the role of segmentation polarity genes [45].
The following section brieﬂy introduces the early developmental processes of the D. melanogaster’s embryo. Then, it focuses on the gap
gene circuit by introducing the Connectionist Model of Development and
ﬁnally the principle of reverse engineering the gene regulatory network.

1.1.1 Early Embryogenesis in D. melanogaster
In contrast to most animals where a series of cell divisions leads to a
multi-cellular blastula, the Drosophila melanogaster embryo develops
by a series of mitoses while omitting the cytokinesis. In fact, the embryo ﬁrst evolves into essentially a large embryo sac consisting of multiple nuclei [45]. The ﬁrst positional information in the embryo, as discovered by Nüsslein-Volhard et al., is conveyed by the establishment of
maternal gradients along the long axis of the embryo. The ﬁrst maternal gradient that appears in the embryo is the bicoid mRNA [34]. While
bicoid determines the anterior region of the embryo, the nanos gene diffuses toward the posterior region of the embryo and localizes in the cytoplasm [38]. These two mRNA gradients mark two terminal poles of the
embryo, Figure 1.1(a).
In the meantime, the Bicoid protein concentration which is being
4
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a. Marking the terminal regions

*

bicoid

nanos

b. Establishment of embryo’s polarity

*

Bicoid

Nos

c. Anterior-posterior expression patterns

*

hb

cad

d. Gap genes segmentation

*
e. Pair-rules segmentation
Trunk Region

*
f. Segment Polarity

*

Figure 1.1: Early gene expression patterns in D. melanogaster embryo.

synthesized from bicoid mRNA starts to form a gradient from the anterior region of the embryo toward the posterior end of the embryo, Figure 1.1(b). Similarly, the Nos protein — synthesized from — nanos mRNA
at the posterior site of the embryo establishes a posterior-to-anterior
5
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gradient. The anterior–posterior gradient of Bicoid and posterior–anterior
gradient of Nos are providing enough positional information for the embryo to establish its polarity, Figure 1.1(a).
The Hunchback and Caudal are two other important genes in early
development of D. melanogaster. The maternal gradients of the hunchback and caudal, in the form of mRNA, are distributed uniformly through
the embryo. However, as the expression of Bicoid and Nos are becoming dominant in the anterior and posterior, they start to regulate the synthesis of Caudal and Hunchback proteins by repressing them from the
posterior and anterior regions of the embryo, respectively [124, 43]. At
the same time, Caudal activates the expression of the Hunchback gene
in the anterior region, establishing a slightly higher concentration of
Hunchback toward the center of the embryo [59], Figure 1.1(c). In addition to the anterior–posterior determination, the terminal poles of the
embryo are being determined by the expression of tailless (tll) and huckebein (hkb) [22, 118].
The next step toward the establishment of body plan segmentation
in Drosophila is the gap gene pattern formation where the regulation of
a set of genes, known as gap gene, leads to the initial body plan of the
Drosophila during the blastoderm stage, Figure 1.1(d). The gap gene expressions are established from the interactions between three maternal gradients (Biciod (Bcd), Caudal (Cad) and Hunchback (Hb)) and four
trunk gap gene hb, Krüppel (Kr), giant (gt) and knirps (kni), Figure 1.1(d).
After the establishment of the gap gene expression, Figure 1.1(d), the
ﬂoating nuclei in the cytoplasm start to develop the cell membrane and
migrate toward the periphery of the embryo to form the cellular blastoderm. At this stage, the interaction among a set of new genes, the
pair-rule genes, conveys another level of positional information in the
embryo, Figure 1.1(e). Similar to the gap gene network where the regulation has also involved inﬂuences from the already established upstream
gene and their gradients, the regulation of pair-rule genes together with
the gap gene establishes 7-8 strips of Eve protein in cells located at the
periphery of the embryo.
In the last episode of gene regulation before the gastrulation process, cells located in every region marked by pair-rule genes will know
the polarity of their segment. The polarity of each segment is being
6
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decided after the activation of a set of genes known as segment polarity genes which their interaction indicate the anterior–posterior axis of
each segment [14], Figure 1.1(f).
While these regulatory mechanisms, as shown in Figure 1.1, are establishing positional information along the anterior–posterior axis of the
embryo, other series of genes and their interactions deploy the positional information along the dorsal–ventral axis of the embryo. Collectively, the A–P and D–V gene expression patterns prepare the embryo
for the successful gastrulation in which series of complicated cell movements, migrations, and rearrangements lead to the formation of germ
layers and the transition to larva stage.
The early body plan formation in the D. melanogaster embryo can be
described by a cascade of events where each step is responsible for the
establishment of enough information for the next stages, until each cell
knows its relative position and role. In particular, the gap gene network
is a fascinating step. It is the most upstream regulatory mechanism of
the segmentation process [59] and it establishes the initial body plan
of D. melanogaster during the blastoderm stage before the start of the
gastrulation process. It is also one of the regulatory networks in biology
that can be studied mathematically both in space and time, until now
[120, 59]. The following section will elaborate on the details of the gap
gene network and the mathematical modeling of the gap gene patterns
formation.

1.1.2 The Gap Gene Network of D. melanogaster
The establishment of the gap gene patterns takes place between cleavage cycle 13 and 14A. It last about an hour and ﬁnishes just before the
start of the gastrulation [61]. The gap gene network consists of three
maternal gradients, namely Bicoid (Bcd), Caudal (Cad), and Hunchback
(Hb), that are interpreted by four trunk gap gene, hb, Krüppel (Kr), giant (gt), and knirps (kni)), Figure 1.2(a). The maternal gradients regulate
the transcription of gap gene, and at the same time the interactions between the gap gene ﬁne-tune the positional information in the trunk region of the embryo [45, 59, 21]. As a result, the gap gene expressions
form a series of stripes along the anterior–posterior axis in the trunk re7
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Figure 1.2: Gap gene and the procedure of extracting gene expression from D. melanogaster’s embryo. (a) Confocal images of Drosophila embryo showing the expression of
Krüppel gene, Images are from FlyEx database [113]; (b) The gap gene network and genes
with external inﬂuence on them; (c) Schematic of gap gene expression in trunk region and
the process of simplifying the 2D gene expression pattern into one-dimensional pattern;
(d) The temporal dynamics of gap gene expression in trunk region.

gion of the embryo, Figure 1.2(b). At the posterior region, the regulation
of terminal gap gene tailless (tll) and huckebein (hkb) control the regulation of gap gene by restricting their expression from the terminal region
of the embryo.
Figure 1.2(a) shows the confocal images of stained fruit ﬂy blastoderm embryos where the ﬂuorescent immunohistochemistry method has
been used to visualize the expression of Krüppel gene in green [68]. In
fact, the confocal images of the embryo indicate the presence of dynamics in the pattern formation process. In the case of Krüppel, the green
region develops into a broader, sharper and brighter region as the time
progresses from cleavage cycle 14A1 to 14A3.
8
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As mentioned previously, there is no cell membrane at this stage
of the development and every dot in the confocal images is a nucleus;
therefore, the embryo can be described as a uniformly ﬁlled sac of nuclei, Figure 1.2(a). This allows for accurate measurements of the gene
expression level in each nucleus. In fact, the ﬂuorescence intensity in
each nucleus can be measured, normalized and reported as the relative
concentration level of the marked protein [68]. Thus, the gap gene patterns can be quantiﬁed and followed through time given the availability
of different snapshots of the embryo.
In addition, the D. melanogaster’s embryo does not go through any
tissue growth or rearrangement at this stage. These properties allow for
some unique simpliﬁcation of the gap gene expression which is generally not possible in other developmental systems. In fact, patterning by
gap gene in the trunk region — despite the 3 dimensional nature of the
embryo — can be simpliﬁed into an one dimensional system.
Figure 1.2(c) shows the process of extracting one-dimensional gene
expression data from the cross-section of the D. melanogaster embryo.
Kosman et al. [67, 68] proposed a standardized method to extract the
gap gene expressions from a narrow stripe in the middle of anterior–
posterior and dorsal–ventral axes of the embryo. Due to the availability of large numbers of embryo images at every step of the development
[115], they have produced an excellent spatiotemporal dataset of gap
gene expressions between the cleavage cycle 13 and 14A cycle [113].
In particular, nine spatial snapshots of the gap gene expressions with
roughly 10 minutes a difference in time show the dynamic establishment
of the ﬁnal pattern.

1.1.3 Computational Reverse Engineering of Spatiotemporal
Gene Regulatory Networks
To understand the underlying mechanism of pattern formation in different stages, and especially details of the gap–gap gene interactions, several mathematical models have been proposed [127, 23, 139]. In particular, the pioneering work by Mjolsness and Reinitz [98] introduced
a model, Connectionist Model of Development, which was capable of describing the gap gene network and the continuous formation of gap gene
9
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Figure 1.3: Schematic of the Connectionist Model of Development. (a) Internal gene
regulatory network of each cell; (b) An array of cells; (c) Spatiotemporal gene expression
pattern; (d) Temporal dynamic of the gene expression pattern in each cell; (e) Visualization
of linear decay process; (f) Schematic of diffusion/ﬂux between two neighboring cells.

expressions in both space and time.
The Connectionist Model of Development separates the pattern formation process into three distinct biological sub-processes. First, the
regulation process where each cell produces the expression of its genes
by simulating the inter-connected network of genes and incorporating
the external inﬂuences, e.g., maternal gradients. Second, the decay
process where the model describes the gradual disappearance of gene
10
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expressions in the environment. Third, the diffusion of gene expressions
in the system where the local exchange of material between neighboring cells is being modeled. Finally, the model describes a multi-cellular
organism as an array of cells where each cell individually simulates the
same regulatory mechanism while diffusion deploys the inter-cellular information.

Figure 1.3 shows the schematic representation of a system which
can be expressed using the Mjolsness and Reinitz’ model. Every cell, in
a hypothetical organism, runs the same gene regulatory network. The interactions between genes can be described with a graph where T-arrows
indicate inhibitory interactions and normal arrows indicate the activation of one gene by another, Figure 1.3(a). Therefore, each cell separately simulates the temporal dynamic of the gene regulatory network,
Figure 1.3(b). Assuming that the morphology of the organism can be
described as an array of cells, as shown in Figure 1.3(c), the collective
expression of genes in all cells can be visualized as the spatial gene expression patterns at the speciﬁc time. Finally, the evolution of the spatial pattern in the organism can be achieved by modeling the system
continuously in time, Figure 1.3(e).

The connectionist model of development in its full mathematical form
is a complex representation of the system, Equation 1.1, with several
parameters each deﬁning details of every process and gene [98]. The
production, decay and diffusion rate of each gene, a, is being deﬁned by
three different parameters, Ra , λa , Da , respectively and ha indicates the
background maternal effect on each gene. Therefore, in a system with
Ng genes, 4 × Ng parameters are describing the chemical properties of
genes. The interaction between genes is being encoded in two matrices,
WNg ×Ng and ENg ×Ne , storing the type and strength of interaction between
gap–gap and gap–maternal genes, respectively, where a positive value
indicates activation and a negative indicates repression.
11
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In order to simulate the spatiotemporal evolution of a gene regulatory network with Ng regulatory genes and Ne maternal genes (external
inﬂuences), there are Ng × Ng + Ng × Ne + 4 × Ng parameters are needed.
For instance, a system with 4 maternal gradients and 4 regulatory genes,
is characterized by 48 unknown parameters where unfortunately most
of them cannot be measured in an experiment. Therefore, a large number of unknown parameters makes the reverse engineering process a
challenging and difﬁcult task, where ﬁnding a good ﬁt is a heavy computational task.
In comparison to other models of gene regulatory networks [7, 33,
138], the connectionist model of development is designed to model the
evolution of spatial patterns in an organism by simulating the collective
temporal dynamics of a complex regulatory network inside its composing entities, e.g., cells. In fact, the model is inspired by the properties of
body plan formation in the D. melanogaster embryo, e.g., that the pattern formation can be described in 1D as an array of cells, the lack of
cell membrane in early stages that allows for a simple mathematical description of diffusion, and ﬁnally, the decay formula that simply models
the lifespan of transcription factors in a biological system.
Shortly after the introduction of the model, Reinitz and Sharp successfully modeled the mechanism of pair-rule segmentation, eve-strips
[120]. They have ﬁtted the connectionist model of development to the
quantitative spatiotemporal gene expression data from eve-strips formation, and they have derived the underlying regulatory network responsible for the formation of eve patterns during the pair-rule stage, Figure 1.1(d). Later, Jaeger et al. used the same model and methodology
to reverse engineer the gap gene network and the external inﬂuences of
12
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Figure 1.4: The procedure of reverse engineering spatiotemporal gene regulatory networks. (a) Flowchart of the reverse engineering process; (b) Mathematical description of
the GRN system; (c) Simulated spatiotemporal gene expression patterns; (d) Calculating
the error between the simulated system and the experimental gene expression patterns

maternal gradients on it [61], Figure 1.1(c). Similarly, they have reported
the topology of the gap gene network as well as the relative strength of
interactions between each gene [60].
Figure 1.4 shows the general reverse engineering procedure used for
ﬁtting the model to gene expression data. In both cases, the reverse engineering process starts from the mathematical description of the spatiotemporal gene regulatory network. Then, a numerical optimization
algorithm will try to minimize the error between the simulation and the
experimental data by calibrating the parameters of the system. For each
set of parameters, the quality of the simulated patterns is measured by
calculating its difference from the experimental data. In each iteration,
the optimization algorithm uses this information to select better parameters and eventually reduces the error between the simulation and data,
Figure 1.4(d).
In the case of the pair-rule gene patterns formation and gap gene
network, both Reinitz and Jaeger have adopted an advanced parallel
simulated annealing algorithm, pLSA, as an optimization algorithm [25].
Although simulated annealing is among a few algorithms that guarantee
13
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the best ﬁt because it can escape local minimums [66], it is one of the
slowest and most computationally expensive algorithms. In fact, simulated annealing, on average, needs 106 to 107 function evaluations
before ﬁnding a reasonably good ﬁt [61, 120]. As a result, despite the advancement in computer technology and availability of larger and faster
clusters, the pSLA can take days or weeks to ﬁnd one good solution for
the 1D system [61, 120, 30].
The slow performance of the optimization algorithm was not the limiting factor in the early attempts of reverse engineering the fruit ﬂy’s
GRNs; therefore, increasing the computational cost in return for guarantee convergence seemed to be a favorable trade-off [120]. The optimization process posed itself as one of the bottle necks of the overall
process when the EvoDevo community started to expand the scope of
the methodology to describe other regulatory processes or variants of
the currently studied gene regulatory networks [70, 109, 29, 31].
The complexity of the model and the scarcity of the data turned reverse engineering of the gap gene network into a benchmark problem
for testing new optimization algorithms capable of reverse engineering
biological networks. Methods like the Evolutionary Algorithm, Differential Evolution [69], Scatter Search [35, 142] and Evolutionary Strategy [37]
have been adopted to reduce the optimization overhead of the reverse
engineering process. Despite the signiﬁcant speed up [37] and advancements in optimization algorithms [141], the gap gene network problem is
still being considered as a challenging one where ﬁnding the right balance between the quality of ﬁt and optimization speed is not trivial.
Besides the performance of the optimization process, the availability of quantitative gene expressions data both in space and in time [113],
and the vast knowledge of individual genes and their possible interactions for governing the speciﬁc process, pattern formation, were two
important factors behind the success of reverse engineering process.
However, understanding the functions and properties of genes during
early development and observing their roles in different processes, e.g.,
pattern formation, are extremely difﬁcult and time-consuming tasks. Not
many model organisms are as fortunate as D. melanogaster where a
boundless number of studies and experiments has been done to reveal
every little secret of their early regulatory mechanisms.
14
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1.1.4 Toward the Gastrulation of D. melanogaster
As one of the most fundamental processes of early development, the
gastrulation process and the role of gene expression to initiate and control the gastrulation are of great interest to biologists. The process has
been studied in many different organisms — e.g., D. melanogaster [83,
84], Sea Urchin [55], Hydra [92], Nematostella Vectensis [36, 87, 72] —
each following a unique but familiar process that forms different germ
layers of an organism.
Despite the numerous studies and experiments to understand and
unravel every detail of the D. melanogaster’s pattern formation, the gastrulation process and the overall details of the process [148, 114, 135, 83]
are less understood than its early pattern formation. As the development continues toward the gastrulation process, the fruit ﬂy embryo undergoes an entangling gastrulation process which divorces the embryo
from the previously simple and stable embryo up until now. Although
the gastrulation starts by a clear ventral furrow formation [45], it continues by a series of complicated — fast and nearly spontaneous — invagination and cell deformations, across the entire embryo, which leads
to complex segmentations [45]. In fact, the gastrulation process of the
fruit ﬂy cannot conveniently be simpliﬁed into a simple set of cell movements or distinct mechanical interactions, unlike the pattern formation
process that can be accurately described as a cascade of events in early
embryogenesis, Figure 1.1. Moreover, the process cannot be simpliﬁed
from a three-dimensional problem into a one-dimensional problem, Figure 1.2.
In contrast to the fruit ﬂy, the sea anemone Nematostella vectensis
undergoes an interesting and elementary gastrulation process that allows for a similar dimension reduction not only for describing its gastrulation but also its body plan formation before the gastrulation process.
The following section will introduce the N. vectensis and its gastrulation
process while it shows the potential of the N. vectensis to be a suitable
model organism for revealing the relationship between the gene regulatory network and the gastrulation process, among its many other attractive properties.
15
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1.2 The Sea Anemone Nematostella vectensis
While D. melanogaster might be the most famous model organism, Nematostella vectensis is a rising star in the ﬁeld of evolutionary developmental biology [79]. The starlet sea anemone, N. vectensis, belongs to
the sister group of bilaterian animals, cnidarians, including Hydra, jellyﬁsh, and corals. In 1992, Hand and Uhlinger published a protocol to
efﬁciently culture Nematostella in the laboratory [49]. Properties like a
short developmental cycle, resilience to environmental pressure, regular egg spawning, and transparent body plan were among the very ﬁrst
appealing factors of Nematostella as a new model organism. In addition, in comparison to D. melanogaster, Nematostella follows a more
common developmental path, starting by a series of cell divisions, cleavages, until the formation of the blastula, then continuing toward a relatively simple gastrulation process and later leading to the development
of the planula.
In 2007, when the genome of Nematostella was published [116], the
80% similarity with the human genome took the EvoDevo community
by surprise and drove more attention toward Nematostella as the new
unique model organism. While Nematostella is a diploblastic animal1
with bilateral symmetry, its genome surprisingly contains the homolog
of many genes necessary for the formation and function of the mesoderm layer (third germ layer) found in other animals. Together, these
properties helped Nematostella to place itself as an interesting and invaluable model organism for studying the cnidarian biology as well as
being a good candidate for investigating the origin of mesoderm by understanding the evolutionary road between the simplicity of diploblastic
cnidarian and the complexity of triploblastic bilaterian.
In this section, I focus on the early development of the N. vectensis as I introduce its clear blastula formation. Then, I describe its gastrulation and the advancement in understanding and even simulation
of each process in more details. In addition, I brieﬂy summarize the
current knowledge of genes and GRNs, involved in axis patterning and
the gastrulation while I enlist the present obstacles toward quantitatively study, construct and reverse engineer Nematostella’s GRNs with
1 Animals with two primary germ layers.
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Figure 1.5: Schematic development of the N. vectensis at 25◦ C.

a similar approach introduced in Section 1.1.3. Finally, I discuss the
unique properties of Nematostella as an organism that could be the perfect model organism for connecting the mechanical/cellular gastrulation to the study of underlying gene regulatory networks controlling the
gastrulation process.

1.2.1 Early Development and Morphogenesis in N. vectensis
N. vectensis has a relatively simple and fast development process. In
the sexual reproduction, the development starts from a fertilized egg,
Figure 1.5. At 25 ◦ C, the ﬁrst cleavage occurs between 1–2 hpf (hour post
fertilization). The cleavage stage continues for about 4 hours where a
series of cell divisions leads to the formation of the blastula at around 4–
6 hpf. By 10 hpf into the development, the blastula is nearly completed
and the embryo prepares for the onset of gastrulation [126, 82].
The gastrulation starts at one hemisphere of the blastula [41, 87, 72],
Figure 1.5. The gastrulation process can be divided into three intermediate subprocesses, early-, mid-, and late-gastrulation. During the early
gastrulation, cells at the pre-endodermal region initiate their movements
inward to slowly open the future mouth of the embryo. At mid-gastrulation,
pre-endodermal cells continue their movement [87] — or travel [72] — in
order to fully close the cavity inside the blastula. By 25 hpf, the gastrulation process is being concluded shortly after the completion of the
late-gastrulation phase where the invagination process is ﬁnished and
endodermal and ectodermal germ layers are formed [87, 72, 126].
By the end of the gastrulation process, the embryo starts to elongate
while the apical tuft slowly starts to appear, Figure 1.5. The planula stage
17
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Figure 1.6: Gastrulation Process of the N. vectensis. (Images from Tamulonis et al.
[137])

last about 50 hours and it continues by the growth of tentacles base,
usually 5 days after fertilization [79]. Finally, the organism enters the
juvenile stage in which the growth of up to 16 tentacles concludes the
development process and the organism enters its adulthood [40].

1.2.2 Gastrulation in N. vectensis
Gastrulation in Nematostella mainly occurs by the invagination as it is
known in many other cnidarians [90, 20]. In 2006, Kraus et al. [72] proposed that the gastrulation process occurs by invagination and immigration, also known as ingression [42, 72]. During the ingression, cells at
the surface of the blastula detach from their neighbors, and freely travel
until they ﬁll the interior of the blastocoel; consequently, forming the
second layer of the organism [45]. In 2007, Magie et al. investigated
the gastrulation process in which they reported no trace of ingression;
hence, they concluded that the gastrulation in Nematostella occurs only
by the invagination process [87]. In the invagination process, the sheet
of cells at the oral pole — and the area around it — bends inward until
they reach the aboral pole of the embryo, as a result ﬁlling the interior
cavity of the blastocoel and transforming the one-layered organism to a
double-layered organism [45].
The gastrulation process in N. vectensis is exceptionally traceable
and very familiar. In fact, Nematostella’s embryo utilizes many of the already known processes from other organisms, e.g., apical constriction
[87], bottle cells [64, 50], zippering [140]. As a result, our understanding
of the gastrulation process in Nematostella, is relatively detailed. The
apical constriction of the endodermal cells marks the beginning of the
gastrulation process. The embryo starts to deﬂate inward by the move18
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Figure 1.7: Cell-based model of the gastrulation. From left to right, gastrulation starts
by the apical constriction of cells located at endodermal plate, following by the deﬂation
of the endodermal plate and ﬁnally the zippering process where the endodermal cells completely ﬁll the cavity of the embryo by connection to the apical ectoderm from inside. Image credit: Tamulonis et al. [137]

ments of cells located at the endodermal plate, the red region in Figure 1.7. While more endodermal cells begin to transform to bottle-like
morphologies, the deﬂation process continues until the extreme bottle
cells start to form actin-rich protrusions and try to grab to the ectoderm.
Finally, the process known as zippering attaches the endodermal plate
to the ectoderm and completes the gastrulation/invagination process
[87], Figure 1.6.
1.2.2.1 Cell-based Model of the Gastrulation
In 2011, Tamulonis et al. extended a dataset of confocal images of the
embryo in which marking the F-actin protein vividly shows the cell layer
boundary in the embryo, from the blastula stage until late-gastrula stage
[137, 87], Figure 1.6. Later, Tamulonis et al. [137] created a 2D computational model of the gastrulation where he managed to reproduce the gastrulation process in silico, by modeling the physical properties of cells
and the embryo, Figure 1.7. Besides concluding that the gastrulation
can occur by invagination, his research proposed a number of testable
hypotheses regarding the behavior of cells, stiffness of germ layers, etc
[137].
The successful cell-based model of gastrulation alongside with the
growing number of high-quality images of the gastrulation in N. vectensis, provided a set of valuable assets; as a result allowing for the quantitative study and modeling of the gastrulation process. In fact, Nematostella’s gastrulation as a system for studying and modeling the mechanics of the gastrulation, is placing itself next to the Drosophila pat19
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tern formation and gap gene network. Although they are addressing
completely different systems, they both can be observed, reduced and
simpliﬁed into distinct sub-processes and be described by a cascade of
events in time and space.
However, while the relative simplicity of the gastrulation process in
Nematostella makes for a great model system, gene expressions and
gene regulatory networks of Nematostella are not as simple or well-studied,
compared to D. melanogaster. The following text will discuss the list of
questions yet needed to be answered regarding the identity and roles of
genes involved in the initiation and government of the gastrulation.

1.2.3 Early Gene Expressions in N. vectensis
Starting from the fertilization, Nematostella eggs contain a high concentration of Nvβ-Catenin1 [143]. As confocal images of the embryo indicate, while Nvβ-Catenin expression is uniformly expressed in the zygote, the expression slowly begins to concentrate in one hemisphere of
the embryo, the oral hemisphere. By the end of the cleavage stage, NvβCatenin expression concentrates mainly in the oral hemisphere while it
establishes a weak gradient toward the aboral pole as well [80, 143], Figure 1.8(a). In the aboral hemisphere, the NvAnthox1 expression appears
in the early cleavage stage and it persists in the aboral hemisphere until
the formation of the blastula [36]. At blastula stage, NvAnthox1 forms its
gradients toward the equator; consequently, establishing a aboral–oral
gradient, Figure 1.8(a).
While Nvβ-Catenin and NvAnthox1 appear to be playing roles in the
patterning of the oral–aboral (anterior–posterior) axis, they are not the
only genes that are establishing their gradients from oral or aboral poles.
NvWnt4, NvWnt1, NvWntA, NvSnailA, NvFoxA, NvBra and NvErg are in
the long list of genes appearing at the oral hemisphere [126, 17, 105,
42]. Similarly, at the aboral hemisphere, NvSix3, NvFrizzled5/8, NvFoxQ2,
NvFgfa1 are establishing their gradients toward the equator of the embryo [134, 17, 71]. In either of the cases, some genes are more localized
on the poles of the embryo, while others are establishing gradients.
1 Nvβ-Catenin is known to be involved in different embryonic processes including symmetry breaking, germ layers formation, cell adhesion and gene regulation [143, 144, 97].
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Figure 1.8: Schematic of the early patterning in the N. vectensis embryo. (a) Oral–
aboral gradients of the Nvβ-Catenin and aboral–oral gradients of the NvAnthox1 from cleavage to the blastula stage; (b) Complimentary expression of NvFoxA and NvSnailA during
the gastrulation process.

Although the role of some of the mentioned genes in axis patterning is already known in other organisms [55, 47], the exact genes — or
gene regulatory networks — responsible for the establishment of the
oral–aboral axis patterning of the Nematostella are yet to be discovered
in detail. In the case of Nematostella, while several knockdown/morpholinos experiments have already revealed the role of Wnt signaling,
21

1. Introduction

oral ectoderm

pharyngeal
endomesoderm
bodywall endomesoderm
l

sub

-ap
po ical
le

apical domain
a. Blastula

bodywall ectoderm

external rings
circumferential rings

bodywall ectoderm

central rings

pharyngeal
ectoderm

pharyngeal
ectoderm

central domain

apical pole

ica
ap
b- e
su pol

b. Gastrula
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embryo can be divided into a few functional regions; (b) By the end of the gastrulation,
the embryo subdivides into more functional regions as the embryo undergoes more complicated morphological changes.

Nvβ-Catenin, NvTcf, NvDsh on the oral–aboral axis patterning [144, 97,
111], more experiments are necessary for ﬁnding the genes or groups
of genes responsible for patterning of the primary axis of the blastula.
Moreover, the interaction between the orally-expressed and aborallyexpressed genes are not fully clear either [80, 79].
As the embryo prepares for the gastrulation and formation of endoderm and ectoderm, more positional information is necessary for the
determination of cell types and precise speciﬁcation of embryo’s functional regions, Figure 1.9. Therefore, the number of genes that are being
expressed increases, as well as the complexity of their patterns and interactions. Similarly, in the long list of genes, already being expressed
or starting to be expressed, there are several genes known to be involved in the gastrulation of other organisms [55, 47], e.g., NvTwist, NvSnail, NvFoxA, NvBra [42, 47, 104].
Fritzenwanker et al. captured an interesting complementary expression of NvFoxA and NvSnailA genes [42]. While both genes are already
expressed in the oral hemisphere of the embryo’s blastula, as the gastrulation progresses, NvSnailA expression moves and centralized in the
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oral pole of the embryo in contrast to the NvFoxA that tends to stay in the
ring around the oral pole, marking the pharynx [93]. In 2007, Magie visualized the complementary expression of NvFoxA and NvSnailA by performing a two-color in situ hybridization of the embryo, prior and during
the gastrulation [87], Figure 1.8(b).
While genes expressed in these two regions seem to be controlling
the position and function of the endodermal plate, NvSnailA and NvFoxA
are not the only genes with complementary expression during the gastrulation. In fact, NvErg, NvOtxA, NvOtxB, NvOtxC are complementing
the expression of the NvFoxA by concentrating around the oral pole [8,
17, 126, 79]; in contrast, NvTwist, NvFoxB, NvNanos2, NvTcf, NvBra, NvWnt1
are complementing the expression of NvSnailA by concentrating at the
pharyngeal/oral ectoderm [17, 126, 93].
As the list of genes with similar behavior has grown, identifying the
correct gene regulatory network controlling the gastrulation becomes
more challenging as the process of identifying the main suspects of the
axis pattering during the blastula stages. In both cases, an extensive
number of knockdown experiments are necessary to reveal functions of
an individual gene until eventually the list narrows down to a few genes
or GRNs governing a speciﬁc process. While our current knowledge of
genes and gene expressions have developed from similar knockdown
experiments [87, 121, 122, 75, 93, 132], the landscape of the expression
and regulation of the genes in Nematostella is rather complicated. Additionally, the changes in the morphology of the embryo during the gastrulation process increases the difﬁculty of tracking gene expression in
the embryo. As a result, this implies extra challenges for quantiﬁcation
of the in situ images of the embryo and computational study of the GRN,
as discussed in Section 1.1.3.

1.2.4 Data Extraction and Reverse-engineering
The ﬁrst attempt to quantify spatial gene expressions of Nematostella
has been done by Botman et al. [16] where they extracted gene expressions from in situ hybridization images of the embryo at different stages
of development, mainly blastula and gastrula. They showed, due to the
transparency of the embryo, detecting the cell layer from the stained
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Figure 1.10: Botman et al. data extraction method and reverse-engineered GRN
[16, 18]. (a) Schematic representation of the spatial gene expression; (b) 1D representation of the spatial gene expression; (c) Botman et al. proposed gene regulatory network
controlling the gastrulation [18].

images of the embryo is often not straightforward. In fact, the transparency of the Nematostella embryo has a negative effect on the quality of the in situ images where it causes a blending effect between the
boundary of the cell layer with the interior region of the blastocoel [16].
To overcome this issue, they developed a manual tool for selecting
the cell layer from in situ images of the embryo by which a researcher
can load and select the cell layer boundaries using a Graphical User Interface. After this step, an algorithm measures the color intensity over
the length of the cell layer and simplifying the 2D gene expression into
a one-dimensional expression [16], Figure 1.10(a,b).
While the quality and quantity of in situ images of the Nematostella
embryo are not remotely close to the quality or quantity of the confocal images of the gene expressions in Drosophila embryo, they are the
starting point for studying the gene regulatory network of Nematostella
using the computational approaches. In a pioneering work, Botman et
al. attempted to reverse engineer the GRN controlling the gastrulation
process. They adopted the connectionist model of development — as
discussed in Section 1.1.3 — to model the spatiotemporal patterns of
NvTwist, NvSnailA, NvFoxA and Nvβ-Catenin [18], Figure 1.10. However,
due to the lack of data and uncertainty in the network composition, they
did not manage to infer the correct and functional network.
While their attempts shaded light on the applicability of the same
computational model and approach for reverse engineering the gene
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a

Gene A Gene C
Blastula - Axis Patterning

Gene B Gene D

b

Gastrulation - Endodermal Plate Patterning
Figure 1.11: Minimal patterns necessary for initiation and successful gastrulation (a)
A material gradient, GeneA, initiates the regulation of GeneB and GeneC to establish the
initial expression of genes controlling the endodermal plate during the gastrulation while
GeneD controls the aboral region of the embryo; (b) The complementary expression of
GeneB and GeneC marks the endodermal plate and the pharyngeal ectoderm during the
gastrulation.

regulatory networks of Nematostella, it also emphasizes that the quality and quantity of the data is not yet suitable for the successful reverse
engineering of spatiotemporal gene regulatory networks. Most of the
genes in the current dataset of spatiotemporal gene expression patterns
are captured in only two or three time-points with relatively long temporal distances from each other [16, 105]; therefore, increasing the risk of
missing important spatial/temporal intermediate dynamics.
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1.2.5 Toward the Complete Gastrulation of N. vectensis
As it is mentioned in Section 1.1.4, Nematostella can be a suitable model
organism for developing a complete model of gastrulation. While our
current knowledge of gene regulation during the blastula and gastrulation stages is limited, the patterning can — essentially — be simpliﬁed into two main processes; 1. the axis patterning Figure 1.11(a); 2.
the formation of complementary expressions marking the endodermal
plate and the boundaries of endoderm/ectoderm, Figure 1.11(b). In other
words, each gene regulatory network is establishing the minimal positional information for the embryo to perform its intended function at
each speciﬁc stage. While the axis patterning conveys the polarity of
the embryo by the end of the blastula stage, the second gene regulatory network establishes enough information for the endodermal plate
to know its function and morph its cells accordingly to perform the successful gastrulation.
Despite the unknown identity of genes in both GRNs, as discussed
in Section 1.1.3, each gene regulatory network can separately be modeled and reverse-engineered using the connectionist model of development. In fact, the combination of two GRNs will eventually model the
spatiotemporal gene expressions that initiate and controls the gastrulation. On the other hand, the successful cell-based model of the gastrulation will provide a powerful tool for modeling the mechanics of the
gastrulation. A computational model consists of mechanical and GRN
models can potentially reconstruct the complete gastrulation in silico.
The ﬁrst GRN should establish the axis patterning in early blastula stage.
Then, the model should initiate the mechanical gastrulation from the
region marked by GeneB or GeneC. Finally, the model should maintain
the expression of GeneB and GeneD at the endodermal plate and pharyngeal/oral ectoderm, respectively, until the end of the gastrulation.

1.3 Outline of the Thesis
This thesis will discuss our approach toward solving some of the issues
toward reverse engineering spatiotemporal gene regulatory networks of
N. vectensis, where each chapter discusses a different aspect of the
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problem, respectively, data acquisition and processing, data analysis,
and the optimization problem. We were motivated by the fact that studying and revealing GRNs of Nematostella can potentially provide the missing piece for modeling the complete gastrulation process by allowing for
efﬁcient and clear coupling of GRN and cellular behaviors of the gastrulation.
Chapter 2 introduces a method to algorithmically identify and track
the cell layer on N. vectensis’s embryo from the late blastula to the late
gastrula stage. The algorithm will be able to extract spatial expression
proﬁles of genes alongside the cell layer and consequently reconstruct
the 1D representation of gene expression proﬁles. Furthermore, it uses
the morphological conﬁgurations of the embryo extracted from confocal images, to model the dynamics of the embryo’s morphology during
the gastrulation process in 2D. Ultimately, the algorithm provides a visualization tool for studying and comparing the extracted spatial gene
expression proﬁles over the simulated embryo. Our motivation for developing these methods was to simplify the process of quantifying spatial gene expressions from in situ images of the embryo. This research
will potentially increase our understanding of gene interactions in early
development and endorse the application of computational approaches
toward studying gene regulatory networks of N. vectensis.
Chapter 3 introduces a method that uses the currently available gene
expression datasets — in situ hybridization images and qPCR time series
— of N. vectensis to construct continuous spatiotemporal gene expression during its early development. Moreover, by combining cluster results from each dataset, we introduce a method that provides testable
hypotheses about potential genetic interactions. We show that the analysis of spatial gene expression patterns reveals functional regions of the
embryo during the gastrulation. The clustering results from qPCR time
series unveil signiﬁcant temporal events and highlights genes potentially involved in N. vectensis gastrulation. Furthermore, we introduce
a method for merging the clustering results from spatial and temporal
datasets by which researchers can group genes that are expressed in
the same region and at the same time. We demonstrate that the merged
clusters can be used to identify GRN interactions involved in various processes and to predict possible activators or repressors of any gene in
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the dataset. We are hopeful that hypotheses from our method can accelerate the process of pinpointing true genes governing different processes in N. vectensis.
Chapter 4 tackles the challenging and computationally intensive task
of reverse engineering the spatiotemporal gene regulatory network. We
propose a hybrid approach composed of two stages: the exploration
with Scatter Search and exploitation of intermediate solutions with the
low-temperature Simulated Annealing. We test the approach on the wellunderstood process of early body plan development in Drosophila melanogaster, focusing on the gap gene network. We compare the hybrid
approach to Simulated Annealing, a method of network inference with a
proven track record. We ﬁnd that Scatter Search performs well at exploring the parameter space and that low-temperature Simulated Annealing reﬁnes the intermediate results into excellent model ﬁts. This
hybrid approach provides a valuable exploratory tool for a developmental system with large gene pool, e.g., Nematostella vectensis, or organisms that their gene regulatory networks cannot be described by a onedimensional model.

28

2
Extracting Spatial Gene
Expression Profiles

This chapter is based on: A. M. Abdol, A. Bedard, I. Lánský, and J. A. Kaandorp.
High-throughput method for extracting and visualizing the spatial gene expressions from
in situ hybridization images: A case study of the early development of the sea anemone
Nematostella vectensis. Gene Expression Patterns : GEP, 27:36–45, Nov. 2017
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In situ hybridization and protein immunolocalization, are among commonly used methods for detecting the expression territory of a gene
in an organism or tissue. They are the primary tools for studying the
expression regions of speciﬁc genes and reviewing the results of functional gene analysis e.g. knockdown experiments. The standard approach to examine the results of in situ experiments is to inspect the
images of stained embryos and reason about the outcome of the study.
However, as performing the in situ hybridization experiments are becoming more affordable and imaging techniques are becoming more accurate, biologists are producing a signiﬁcant number of in situ images every day. As an excellent example of this, in the case of Drosophila melanogaster, carefully controlled ﬂuorescent in situ hybridization through
the course of the embryonic development provided invaluable snapshots
of gene expression proﬁles, spatiotemporal gene expressions [113, 115].
The traditional methods of studying the presence/absence of a gene
or analyzing the expression territory of a gene by inspecting the in situ
images are proven to be immensely instructive [124, 58, 6, 102, 52]. In
few cases where the in situ hybridization images were used to extract
the spatiotemporal expression proﬁles of genes into numerical data, the
data has been used to develop and test new mathematical models of
Gene Regulatory Network (GRN), Connectionist Model of Development
[98]. Availability of spatiotemporal gene expressions data of D. melanogaster, combined with the new model and improvement in optimization
algorithms helped with the reconstruction of several GRNs in different
developmental stages of D. melanogaster [120, 60, 108, 136]. However,
despite the growing number of in situ images from different organisms,
spatiotemporal models of GRN are often restricted to a few model organisms, e.g. D. melanogaster, this is mainly due to the laborious procedure of obtaining the data as well as the challenging task of extracting
and quantifying the gene expression proﬁles from in situ images of the
embryo.
Here we aim to introduce an automated algorithm for extracting gene
expression proﬁles of an another popular model organism, Nematostella
vectensis. This sea anemone is a cnidarian model organism that is intensely used to understand the evolution of biological novelties, development, ecology and since recently also regeneration [76, 32]. The genome
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Figure 2.1: Embryonic development of N. vectensis at 25◦ C. (a) Unfertilized egg; (b)
First cleavage; (c–f) Early to late cleavage stages; (g) Blastula stage; (h) Early gastrula
stage; (i) Early planula; (j) Late planula; (k) Early tentacle-bud stage of polyp; (l) Juvenile
polyp. (Image from [82])

of N. vectensis has been sequenced and has revealed strong similarities regarding gene content and genome organization with the ones
from vertebrates [116]. Thus, understanding the evolution of its GRNs
has become a major task in deciphering the evolution of developmental processes. However, due to the existence of different germ layers
and the changes in the embryo morphology from the blastula to gastrula
stage, obtaining the spatiotemporal gene expression proﬁles poses an
even bigger challenge compared to extraction of gene expression proﬁles from D. melanogaster’s blastoderm.
Previously, from a growing number of in situ hybridization images,
Botman and colleagues introduced a labour-intensive method for extracting gene expressions from N. vectensis despite the changing morphology during the development. Thereafter, they have investigated the
possibility of reverse engineering a GRN involving in the gastrulation
process [18, 17, 72, 87]. In another study, Abdol et al. demonstrated that
given the spatial and temporal gene expressions, they are able to group
genes that are active in the same place and at the same time. Furthermore, by solely analyzing the data, they predicted the gene interactions
where have been found through function analysis, namely the repression of NvBra by NvErg [126, 4, 8]
The availability of spatial genes proﬁles will allow researchers to tackle
a new set of problems and use new data processing methods to study
different aspects of development and gene regulations with more systematic and focused methods than the manual interpretation of in situ
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images, especially in a case of less known organism e.g. N. vectensis.
Here, in contrast to Botman’s method of extraction which involved
manual cell layer selection, expression extraction and post-processing,
we are introducing a new algorithm to automatically detect the cell layer,
identify boundaries of embryos, predict the embryo’s current developmental stage, discretize the embryo into pseudo-cells and ﬁnally constructing the expression proﬁle of genes. We think our method will accelerate the extraction of spatial gene expression proﬁles from the in
situ images of N. vectensis’ embryo during blastula and gastrula stages
of the development. Moreover, we will show that our method is able to
process images from different labs with various experimental setups.

2.1 Material and Methods
N. vectensis belongs to the sister group of bilaterian animals, the cnidarian (sea anemone, coral, “jellyﬁsh”, Hydra). It follows a relatively simple embryonic development in which it preserves its radial symmetry
in early developmental stages. In sexual reproduction, development
starts with a fertilized egg. After a series of cleavages, the embryo forms
a hollow sphere of cells known as the blastula. The development then
continues to the gastrulation process in which morphological movements
establish the endodermal and ectodermal germ layers [87, 71]. As shown
in Figure 2.1, the N. vectensis’ transparent body wall makes it a suitable
subject for various microscopy techniques. However as most imaging
techniques capture a cross section of the embryo at a certain depth, the
shadow of cells in different layers is always being captured as well, we
call this the look-through effect. This effect combined with slight irregularities of the embryo in different development stages impose a crucial
problem for detecting the cell layer and consequently extracting gene
expression proﬁle during developmental stages in our study the blastula and gastrula.
Figure 2.2 shows examples of in situ hybridization images in which
detecting the inner and outer boundaries of the cell layer is crucial for
extracting correct expression proﬁle of the gene. In Figure 2.2(a), inaccurate boundary detection leads to gene expression measurements
where cells are not expected whereas in Figure 2.2(b), incorrect detec33
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(a)

(b)

(c)

Figure 2.2: In situ hybridization images of NvBmp. (a) In the blastula stage, the image shows gene expression where supposedly no cell should be placed; (b) In the midgastrula stage, the overlapping tissue at oral pole makes it difﬁcult to distinguish the cell
layer; (c) In the late gastrula (early planula) stage, endodermal and ectodermal layers are
attached to each other, makes it even more difﬁcult to detect the cell layer.

tion of the cell layer (and consequently the mouth’s morphology) results
in wrong representation of the embryo. Although the inner hollow region
of the embryo provides an excellent guide where the cell layer is located
during the blastula and through the gastrulation process, algorithmic
detection of this region is a laborious task considering variations in the
cell layer’s width, embryo’s stages. The process of extracting gene expression patterns from the fruit ﬂy’s embryo focuses on the blastoderm
stages where the embryo’s morphology does not change and the embryo can be described as a sac ﬁlled with nuclei. This allows for a simpler procedure in which only the outer boundary of the embryo needs to
be detected and thereafter the gene expression can be measured inside
the embryo [28].
In the rest of this section, we will introduce an algorithm to improve
the extraction of gene expression proﬁles from in situ images of the N.
vectensis embryo’s. We start by detecting the inner region of the embryo
using feature extraction algorithms that allows us to detect the outer
and inner boundaries of the cell layer. Finally, we will reconstruct the
gene expression proﬁle by measuring the intensity of colors in the region
where we already marked as the cell layer.
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2.1.1 Detecting the Cell Layer
In order to detect the cell layer, ﬁrst, we need to distinguish the cell
layer from the rest of the image. In oder words, we need to detect the
boundaries of the cell layer both from outside and inside of the embryo.
The outside boundary distinguishes the cell layer from the background,
and the inside boundary distinguishes the cell layer from the hollow region of the blastula. In order to diminish the mentioned look-through effect on the edge detection procedure, we have used an edge detection
algorithm called Phase Stretch Transform (PST) [10]. The image transformation of PST emulates the propagation of light through a diffractive
medium by applying a phase function to the image in the frequency domain [19]. The PST can detect edges in our images because its underlying phase function is frequency dependent, meaning it applies more
phase to higher frequency features of the images. Through three parameters, the PST allows us to tune the algorithm for tolerating more
noise in edge detection at the cost of lower spatial resolution as well as
emphasizing on the detection of sharper edges at the cost of increased
edge noise. Figure 2.3(b) shows the output of PST on a selected in situ
hybridization image.
Although the features extracted using PST, Figure 2.3(b), resemble
the embryo, they cannot directly be used to detect the cell layer boundaries in N. vectensis. The amount of unnecessarily extracted features
in the cell layer and inside the hollow region makes it is hard to detect
the boundaries of the cell layer. In order to resolve this issue, we used
an image processing ﬁlter known as the Frangi ﬁlter which was originally
conceived as a vessel enhancement ﬁlter for Digital Subtraction Angiography (DSA) images. The Frangi ﬁlter uses the local structure of an image’s Hessian to determine the “vesselness” of its features, namely, determining adjacent areas for which the Hessian describes a direction for
which the intensity values changes by the least amount [39]. As shown
in Figure 2.3(c), although the Frangi ﬁlter reduces the overall noise detected in the embryo, especially in the interior, the end output of Frangi
ﬁlter still cannot be interpreted as edges. Therefore, we have used PST
over the image, already processed by the Frangi ﬁlter to improve the
edge detection, Figure 2.3(d). Comparing the Figure 2.3(b) and 2.3(d),
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(a)

(b)
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Figure 2.3: Detecting features of the embryo for extracting outer and inner edges of
the cell layer. (a) In situ hybridization of NvFrizzled at early gastrulation stage; (b) Features extracted by PST; (c) Features extracted by Frangi ﬁlter; (d) Features extracted after
applying PST over the results from Frangi ﬁlter. (All ﬁltered were applied on the grayscale
in situ image.)

we see a better representation of the cell layer and improved interior
detection.

2.1.2 Detecting the Cell Layer Boundaries and Optimizing
PST Parameters
We apply several image processing methods prior to extraction of the
ﬁnal outline for the outer and inner boundaries. Figure 2.5 and 2.6 show
the procedure by which we extracted the outer and inner boundaries,
respectively. The outcome of our method heavily depends on the success of the PST at Figure 2.5(a) and 2.6(b), in particular for detecting
the interior region of the embryo. Due to the sensitivity of the PST to
properties of the images, the same PST parameters may result in different spatial resolution and edge noise detection in images with different
lighting condition, colors, and resolutions. Therefore, in order to adjust
the PST’s parameters to a different set of in situ images, we designed
a procedure to adapt PST parameters to the properties of images from
different labs with different lighting and imagining equipment.
To begin, we prompt the user to manually draw a rough representation of the outer/inner boundaries of the cell layer for only one selected
image from the set, Fig 2.4. Then, we use this user input to deﬁne the
ﬁtness of each individual in our Evolutionary Algorithm. The ﬁtness criterion is deﬁned as the difference between the manually drawn bound36
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(a)

(b)

(c)

Figure 2.4: User drawn outer and inner cell layer boundaries. (a) The in situ hybridization of NvBmp; (b) User drawn outer boundary; (c) User drawn inner boundary.

aries and the algorithmically detected embryos e.g. Figure 2.5(f)/2.6(f).
Therefore, the parameters of PST in each individual is being optimized
in such a way that features evoked by PST results in the minimum difference between the extracted (Figure 2.5(f)/2.6(f)) and drawn boundaries
(Figure 2.4).
After a few iterations, the PST ﬁnds a balance between the amount
of the spatial resolution and edge noise such that our boundary detection algorithm extracts a relatively close representation of the embryo,
Figure 2.5(f), and 2.6(f). However, as we can see the outer boundary
still misses parts of the oral opening and the inner boundary is asymmetrical and misses some details on side of the embryo (see arrow in
Figure 2.6(f)). In both cases, it is difﬁcult to detect the exact boundaries of the embryo mainly by relying on image processing algorithms
due to the look-through effect and irregularity of the morphology.

2.1.3 Reﬁning the Extracted Boundaries using the
Reconstructed Embryo’s Morphology
In order to further improve the extracted boundaries, we use confocal
microscopy images of the N. vectensis embryo in which the cell layers
are stained for certain cell components: ﬁlamentous actin [137]. Figure 2.7 (top panel) shows examples of ﬁve confocal images in which the
outline of the embryo clearly visible in different developmental stages.
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Figure 2.5: Detecting outer boundary of the embryo. (a) The PST is applied directly to
our test image; (b) the detected edges are dilated to form a more contiguous form; (c) we
ﬁll any holes completely encompassed by the dilated edges as they can be assume to be
within the embryo boundary; (d) we remove all features except the largest as the largest
should represent the embryo itself; (e) we can now erode the mask to compensate for the
dilation we did earlier, as well as extract the outer boundary and smooth; (f) The resulting outer boundary estimation can be visualized over our test image; (g) Outer boundary
extraction pipeline

Botman et al. manually extracted and drew cell layer boundaries from
the images and calculated the average conﬁguration of the embryo at
each stage by processing several images at each available developmental stage, Figure 2.8 [16, 137].
Although embryo’s conﬁgurations extracted by Botman et al. describe N. vectensis’ morphology in few stages of the development, they
do not describe the intermediate morphology of the embryo. Here we
introduce a method to approximate morphological conﬁgurations of the
embryo in intermediate stages during the development. By using linear
interpolation, we have reconstructed the path each control point on the
boundary travels between two available representations. The manually
identiﬁed control points on the inner/outer boundaries mark and track
important morphological properties and regions of the embryo, e.g. oral
pole. Figure 2.8 shows the estimated embryo’s conﬁgurations between
mid and late gastrula stages (Figure 2.7(h,i) respectively). As expected,
we see that the pre-endodermal tissue starts to move inward and gradually attach to the ectoderm tissue from inside [105]. By applying the
same procedure between every two available conﬁgurations, we built a
continuous representation of the embryo from the late blastula to late
38

2.1. Material and Methods

(a)

(b)

(c)

(d)

(e)

(f)

Frangi

PST

Dilation

Invert

Largest

Inner Layer

(g)

Figure 2.6: Detecting inner boundary of the embryo. (a) The Frangi ﬁlter is directly applied to our grayscale image; (b) Using the parameters that were tuned in the optimization
process, we apply the PST to the image output by the Frangi ﬁlter; (c) We dilate edges to
connect edges into a more contiguous feature; (d) We may assume our inner boundary
should fall within the previously calculated outer boundary, we invert the mask and remove all features that lie outside that outer boundary; (e) We remove all features except
the largest; (f) After eroding smoothing and extract the outer boundary which can be visualized over our original image; (g) Inner boundary extraction pipeline

gastrula stage.
Now that we reconstructed the morphological representation of the
embryo during the development, we can use them to improve the boundary extraction procedure. In order to do so, we calculate the difference
between our extracted embryo (Figure 2.5(f), 2.6(f)) and all the estimated
embryo conﬁgurations by creating a mask between our inner boundary
and the estimated boundary. The embryo conﬁguration with the smallest difference to our extracted interior region will be selected to aid the
algorithm for better boundary extraction, Figure 2.9(b). We achieve this
by stretching the estimated inner boundary until it matches the extreme
points of the extracted embryo, scaling. Thereafter, we replace the extracted outer boundary by the corresponding outer boundary of the selected estimated embryo as well. Finally, we adjust the width of the
cell layer and ﬁnalize our boundary extraction procedure as shown in Figure 2.9(c). As an example, if the algorithm ﬁnds the inner boundary of
the embryo in Figure 2.7H as the closest match to the already extracted
inner boundary in Figure 2.9(a), it will replace the extracted boundaries
by the estimated boundaries shown in Figure 2.7H, and ﬁnally by applying minor adjustment for width and size of the embryo, it will ﬁt the
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Figure 2.7: Confocal images of the embryo (at 18◦ C) and the extracted boundaries.
(Top Panel) The cell outlines stained for different parts of the cell where the green colors indicate ﬁlamentous actin and the red colors indicate the cells’ nuclei (Bottom Panel)
The approximate geometries of the embryo that are constructed out of the confocal microscopy images where blue splines represent the inner and red splines represent outer
boundary of the cell layer, respectively. The points (dashed lines) are set of (manually
identiﬁed) control points use to mark/track important morphological properties/regions
of the embryo.
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Figure 2.8: Intermediate conﬁgurations of the embryo during the gastrulation. Reconstructed embryo conﬁgurations between early-gastrula (Figure 2.7(c)) and late-gastrula
(Figure 2.7(d)) stages.

boundaries to the cell layer in the selected in situ image, Figure 2.9(c).
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(a)

(b)

(c)

Figure 2.9: Reﬁned cell layer boundaries. (a) Identifying the extreme points of the extracted inner boundary. Red and Green arrows point to extreme horizontal and vertical
sites of the extracted boundaries, respectively; (b) Stretching the estimated embryo’s inner boundary until it matches the extreme points of the extracted embryo. The extracted
inner boundary in Blue, and the matched estimated inner boundary in Green; (c) Replacing
the extracted outer boundary by the – corresponding – estimated embryo’s outer boundary

2.1.4 Cell Decomposition and Expression Level
Quantiﬁcation
The ﬁnal step toward measuring the gene expression is to measure the
color intensity alongside the detected cell layer. Due to the fact that N.
vectensis consists of only one layer of cells during the blastula and gastrula we followed the representation introduced by Botman et al, 2012
and mapped the gene expression proﬁles into 1-dimensional representation of the expression proﬁle such that the oral pole of the embryo relatively maps to the center of the 1D expression proﬁle, and both ends of
the curve represent the aboral pole [16], as represented in Figure 2.10(c).
We start by decomposing the region encapsulated as the cell layer
into different polygons where each polygon represent a pseudo cell in
the embryo, Figure 2.10(b). Then, in every polygon, we measure the average value for each RGB channel in every polygon, and subtract the
background color from it, Figure 2.10(c). Then, we apply a central rolling
average to the RGB measurements in order to dampen the noise in the
RGB values, and normalize the RGB values to the interval of [0,1], Figure 2.10(c). At this point, we can use the radial symmetry of the N. vecten41
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Figure 2.10: Measuring color intensity in the embryo. (a) NvBmp in situ image at early
gastrulation stage; (b) Pseudo-cell decomposition alongside the extracted cell layer; (c)
Normalized RGB values; (d) Symmetrized RGB values; (e) Aggregated and smoothened
RGB values as the ﬁnal spatial expression of NvBra at early-gastrula stage.

sis morphology to symmetrize the extracted expression over the oral
pole through functional analysis, Figure 2.10(d). We decide if this is a
valid step if the symmetrical expression of a gene, in directive axis, is
already known or we can clearly see a symmetrical expression from the
images. Next, we can average all RGB values to summarize the expression level of a gene into one curve. Finally, we mapped the expression
curve to the interval of [0, 99], this normalized our expression proﬁle for
different embryo length where each point on the x-axis corresponds to
relatively 1% length of the cell layer [16], Figure 2.10(e).
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Figure 2.11: The quality of extracted boundaries. (a) High-quality boundary extraction,
accurate detection of the cell layer; (b) Medium-quality boundary extraction, slight misplacement of the boundaries; (c) Low-quality boundary extraction, signiﬁcant misplacement of the boundaries; (d) Failed boundary extraction

2.2 Results
We have collected 230 in situ hybridization images of N. vectensis from
KahiKai database [105] where 100 images were labeled as blastula embryos, 90 as gastrula and the rest as different stages of the development. Table 2.1 summarizes the output of our method where each row
represents the quality of results in each of the processing step. We categorized the output of each step into three quality tiers, High, Medium
and Low which we will deﬁne for each step. Since the result of each
step depends on the performance of the previous step, we discard the
images when the algorithm fails to produce an acceptable result, and
start the next step from the remaining images.
First, we start by detecting the cell layer of embryos in 190 in situ
images and categorize the results by visually inspecting the quality of
the detected boundaries. A pair of selected boundaries (inner/outer) is
labeled as High-quality if the extracted boundaries ﬁts the cell layer perfectly, it is labeled as Medium-quality if the boundaries are misplaced
slightly, it is labeled as Low-quality if the boundaries are incorrectly selected but they are still informative, and ﬁnally, we marked the rest of
results as Failed if they do not comply with our criteria or the algorithm
confuses the stage of the development e.g. detecting blastula embryo
in an image labeled as gastrula. Figure 2.11 shows examples of each category and the ﬁrst row of Table 2.1 summarize the results.
Next, we have applied the Embryo Decomposition procedure on the
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# Input
190
157
105

High
B
G
49 22
37.4%
76 22
62.4%
42 13
52.4%

Medium
B
G
30 5
18.4%
1
6
4.46%
26 8
32.4%

Low
B
G
27 24
26.84%

8
5
12.4%

97.1%

66.9%

82.7%

Successful

2.9%

33.1%

17.4%

Failed

Table 2.1: Performance of intermediate steps of the extraction algorithm. Each row represents a process. The # Input shows the number of images
given as input to the corresponding process. The three columns, High, Medium, Low (see Section 2.2) are showing the number (and percentages)
of results in its quality tier, categorized by the developmental stage (B: Blastula, G: Gastrula). The Successful and Failed column are showing the
percentages of acceptable and rejected results at each stage.

Boundary Detection
Embryo Decomposition
Expression Extraction (Final Results)

44

2.2. Results

*

*

*
(a)

(b)

(c)

Figure 2.12: The quality of decomposition. (a) High-quality of decomposition, accurate
discretization of the cell layer; (b) Medium-quality of decomposition, slight anomaly detectable; (c) Low (Failed)-quality of decomposition, non-uniform pseudo-cell sizes and
extreme visible anomaly

results of the previous step. We again inspected the quality of results
manually and categorized them based on their quality where High and
Medium-quality decomposition considered as accurate enough to be used
in the Expression Extraction step while Low-quality decompositions simply cannot be used. It is worth mentioning that applying minor manual tweaks might potentially improve the quality of low decomposition.
However, here we are only interested in the performance of the unsupervised algorithm; therefore, we did not adjusted the algorithm and
treated the output as it is. Figure 2.12 shows examples of each category
and the second row of Table 2.1 summarize the results.
Finally, we extracted the gene expression proﬁles from each image
using the boundaries and decomposition generated in previous steps
and categorize them accordingly. The expression proﬁles are labeled as
High-quality if they represent the expression proﬁle and peaks position
as expected and depicted in the images, the Medium-quality proﬁles are
showing slight misplacement in peaks position or contain minor level
of noise (recoverable by post-processing), and Low-quality expression
proﬁles show high level of noise and irregularities in their proﬁles which
make them uninformative or wrong. Figure 2.13 shows examples of each
category and the third row of Table 2.1 summarize the results.
From the 105 expression proﬁles extracted from the images, we found
45 similar proﬁles in already published datasets [16]; therefore, adding
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Figure 2.13: The quality of expression proﬁles. (Right Column) High-quality expression
proﬁle, accurate peaks positions, no random noise (Middle Column) Medium expression
proﬁle, slight miss-placed peaks, extended peaks (Left Column) Low expression proﬁle,
unexpected proﬁle, high noise

Table 2.2: Quality of results with respect to the already published gene expressions.
The Unprocessed and Dampened column compare the unprocessed extracted expressions
and dampened tail expressions to the published results, respectively.

Quality
Accurate
Misplaced Peaks
Inaccurate

Unprocessed
21
21
3

Dampened
36
6
3

60 new expressions to the current database. As mentioned, due to
the non-quantitative nature of in situ images, all extracted proﬁles are
normalized to have their highest peak at 1; therefore here we do not
consider the difference in expression level as an inaccurate estimation,
so we only validate our proﬁles by the overall shape of the expression.
Lastly, in order to make the data comparable with the already published
data by Botman et al., we should adjust the expression level to 0 where
the images do not show signiﬁcant expression, as shown in Figure 2.15(b)
[16]. This is a decision imposed by Botman et al. in order to dampen
the noise, where absolutely no gene expression is being visible (or expected) in in situ images. Table 2.2 shows the comparison statistics between our results and manually extracted expressions.
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Figure 2.14: Comparison of results with the published expression, corresponding to
categories in Table 2.2. (a) Accurate expression proﬁle; (b) Expression proﬁle with Misplaced Peaks; (c) Inaccurate expression proﬁles

NvAdmp-related, mid blastula

NvAdmp-related, mid blastula
Extracted
Published

0.5

0.0

0

25

50

Cell Layer Position

(a)

75

100

1.0
Expression Level

Expression Level

1.0

Published
Dampened

0.5

0.0

0

25

50

75

100

Cell Layer Position

(b)

(c)

Figure 2.15: Dampening the unexpected peaks. (a) An in situ image of NvAdmp-related;
(b) Extracted expression proﬁle; (c) Dampened the extracted expression (where no expression is expected and visible

2.2.1 2D Gene Expression Proﬁle Representation
The 1D representation of gene expression introduced in a study of D. melanogaster gene regulatory network and has been adopted by Botman et
al. to N. vectensis [16, 18]. Although the 1D representation of gene expression proﬁles are the simplest way to visualize and work with spatial
gene expression data; however, they are not the most informative representation. Due to radial and later bilateral symmetry of the organism,
the 1D representation of the expression is valid in N. vectensis as well;
however, it can be argued that it might be less accurate due to morphological changes of the embryo. Here we introduce a 2D representation
of the spatial expression proﬁle over the extracted embryo’s conﬁguration. Having the cell layer boundaries, pseudo-cells decomposition and
the extracted expression level of each cell, we can visualize the gene
expression proﬁle over the 2D representation of the embryo as shown
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Figure 2.16: Mapping the expression over the 2D representation of the embryo at different developmental stages. (Top Panel) NvBra at blastula (a) The in situ image; (b)
Extracted expression proﬁle; (c) The expression proﬁle over the extracted cell layer; (d)
The expression proﬁle over the estimated embryo (Bottom Panel) NvBra at gastrula; (e)
The in situ image; (f) Extracted expression proﬁle; (g) The expression proﬁle over the extracted cell layer; (h) The expression proﬁle over the estimated embryo.

in Figure 2.16(c,g). Furthermore, we can map the spatial expression proﬁle over the estimated conﬁguration of the embryo at the same stage,
introduced in Section 2.1.4. As shown in Figure 2.16(d,h) the estimated
embryos provide a standard representation of the embryo which in principle eliminate the ﬂuctuations presented in the embryo, e.g. width and
length; therefore, it can be a great tool for comparing gene expressions
proﬁle extracted from different embryos.

2.3 Discussion
Due to the popularity of in situ hybridization technique for studying the
expression territory of a gene in a tissue or an organism, tremendous
amount of in situ images are being produced from different experiments
e.g. studying the function of a gene, investigating the gene interactions,
48

2.3. Discussion

knockdown experiments, etc [79, 126, 9]. However, even with advancement in microscopy and image processing techniques, the in situ images are usually being examined visually. In fact, the in situ images usually do not get converted into the quantitative representation of gene expressions in the tissue; despite the immense advantages of acquiring,
maintaining and studying the spatial gene expression data [17, 129, 4, 61].
In the case of N. vectensis, a dataset of spatial gene expression proﬁle
during the development of N. vectensis has been used to cluster genes
that appears at the same time and space together; and consequently,
proposing testable hypotheses about possible gene interactions [4].
Here, we introduced an automated procedure for extracting the spatial gene expression proﬁles, from in situ images, in order to accelerate
the burdensome extraction process. In addition, by algorithmically extracting the gene expression, we can eliminate the effect of user preferences and judgments on the ﬁnal expression proﬁle especially in “low
quality” images where it is not possible to easily distinguish the cell
layer and the hollow interior region, or the endodermal and ectodermal
tissues in later gastrulation stages. As presented in Table 2.1, the accuracy of our method rounds to 50% for the High-quality tier and 30% for
Medium-quality tier while we did not ﬁlter out images with bad quality
which are about 72 in situ images. An in situ image has a bad quality if
it is not possible to detect the features of the embryo even by visual inspection. In the case where we ﬁlter out the images with bad quality,
we can summarize the accuracy of our method in Table 2.3 which shows
clear increase specially in case of boundary detection.
Moreover, we identiﬁed a set of common artifacts in the images that
cause failure in different steps of the extraction process. Based on these
observations, we are able to provide suggestions for capturing better in
situ images suited for extraction of the gene expression proﬁle. For example, optimizing the imaging equipments/techniques to capture less
depth in the embryo, will reduce the look through effect and consequently
improves the cell layer extractions. Another important factor is to adjust
the focus of the images in order to capture distinct hollow interior region
of the embryo during the blastula and gastrula. In addition, we recommend researchers to publish the raw images instead of compressed images which allow for detailed features extraction.
49

2. Extracting Spatial Gene Expression Profiles

# Input
118
110
98

High
B
G
38 19
43.3%
72 20
83.6%
42 13
56.1%

Medium
B
G
26 2
23.7%
1
5
5.45%
26 8
34.7%

Low
B G
16 17
28.0%

3 3
6.1%

97.0%

89.0%

93.2%

Successful

3.0%

11%

6.8%

Failed

Table 2.3: Performance of intermediate steps of the extraction algorithm without considering the images with bad quality. Each row represents a
process. The # Input shows the number of images given as input to the corresponding process. The three columns, High, Medium, Low (see Section 2.2)
are showing the number (and percentages) of results in their quality tier, categorized by developmental stage (B: Blastula, G: Gastrula). The Successful
and Failed column are showing the percentages of accepted and rejected results at each stage.
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Figure 2.17: Visualizing several gene expressions over the embryo for comparison. Embryos from right to left correspond to 18, 22, 24, 27, 35hpf. (Top Panel) complementary
expressions of NvBra and NvErg (Bottom Panel) We can see complementary expression
of NvSnailA, and NvFoxA as captured in [87, Fig. 1].

Furthermore, we have introduced the dynamic representation of the
embryo based on the aggregated embryos morphology extracted from
accurate confocal microscopy images of N. vectensis. The estimated
embryo’s morphology through the development will allow us to approximate the hpf where an in situ image of N. vectensis might be in during
of development. We noticed this to be a problem where different im51
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ages with often major morphological differences in the database are labeled as a similar stage. For instance, the in situ images presented in
Figure 2.13(a,c) are both labeled as blastula in the database while they
clearly show distinct morphological features, Figure 2.13(c) is clearly
more toward the early gastrulation. By overlapping the standardized embryo’s morphology over the images, we are able to assign 18 hpf and 24
hpf to them, respectively. This will provide a more accurate representation of gene expression proﬁles during the development where the goal
is to model and reverse engineer the gene regulatory networks or perform precise data analysis [16, 4].
Finally, we believe that the 2D representation of the embryo will provide a powerful visualization tool by making it possible for researchers to
study the expression territory of a gene over the schematic representation of the N. vectensis embryo instead of less informative, and possibly
confusing 1D expression proﬁles. This will provide a comparison tool for
studying the results from different experiments. For instance, the difference between wild-type and mutant expression proﬁles (e.g. images
from morpholinos experiments) of a gene can be studied by overlapping
their expression over embryo’s schematic. Moreover, it allows for visually comparing different gene expression proﬁles (also from different
experiments) over the standardized embryo conﬁguration at certain developmental stages. Figure 2.17, top and bottom panels are respectively
showing complementary expression of NvBra - NvErg, and NvFoxA - NvSnailA. The former could be the indication of functionally and analytically
identiﬁed repression of NvBra by NvErg in central/external rings [4, 8]
while the later is observed by Magie et al. from two colors ﬂuorescent
in situ hybridization experiment [87]. The central/external rings can be
described as two consecutive rings around the future mouth of the organism during the blastula and gastrula.
Summarizing, we believe that new imagining techniques with higher
resolution cameras available in modern laboratories can produce much
more accurate images, which by itself could improve the extraction process. We hope that we provided the N. vectensis and the broader EvoDevo
community a useful set of tools and a common workﬂow for tackling the
same problem in other organisms. We think that the availability of accurate spatial gene expression proﬁles with the combination of more
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quantitative gene measurements e.g. qPCR or RNAseq will accelerate
our advancement in studying new processes and even new organisms.
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3
Processing the Spatiotemporal
Data

This chapter is based on: A. M. Abdol, E. Röttinger, F. Jansson, and J. A. Kaandorp.
A novel technique to combine and analyse spatial and temporal expression datasets: A
case study with the sea anemone Nematostella vectensis to identify potential gene interactions. Developmental Biology, 428(1):204–214, Aug. 2017
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Since the last decade, the sea anemone Nematostella vectensis has
become a popular model to study bilaterian evolution, development and
more recently also regeneration [79, 32]. Although N. vectensis belongs
to the Cnidaria (sea anemone, coral, “jellyﬁsh”, Hydra), the sister group
of bilaterian animals, its gene content and genomic organization presents
important similarities with the ones from vertebrates [93, 116, 130]. Spatial gene expression analysis has further suggested a potential functional conservation between cnidarians and bilaterians of certain genes
in germ layer formation, morphogenetic movements, axial patterning
and neurogenesis [41, 78, 81, 82, 91, 93, 94, 123, 129, 143]. The development of functional tools has subsequently fostered a more in-depth
investigation of those predictions [44, 75, 77, 80, 81, 87, 89, 122, 126, 131,
134] including ﬁrst experimental wirings of gene regulatory networks underlying germ layer formation, morphogenetic movements of gastrulation [9, 126], axial patterning [44], sensory organ formation [9, 134] as
well as neurogenesis [79]. The relatively simple morphology of the embryo/larva, the tractable morphogenetic movements of gastrulation was
used in a detailed cell-based model of gastrulation [137]. Finally, the
abundance of gene expression patterns organized in a database [105]
have also fostered computational approaches toward analysis and inferring gene regulatory networks underlying gastrulation movements by
processing in situ hybridization images [18, 17].
Inferring or reverse engineering spatiotemporal gene regulatory networks is the approach of determining gene interactions in order to reproduce the observed spatiotemporal gene expression patterns. The pioneering work by Mjolsness and Reinitz proposed a mathematical model,
Connectionist Model of Development, capable of reproducing the gene
expression patterns in space and time [98]. Thereafter, based on highquality data collected during early development of Drosophila melanogaster, the gap gene network was constructed by ﬁtting the model to
the data [60, 120]. This reverse engineered gene regulatory network has
then been used to explain the formation of gap genes patterns in great
detail and suggested slight modiﬁcations to the well investigated network obtained from functional data [11, 60, 110, 136].
Collecting spatiotemporal data at the level of accuracy and detail
(e.g., data available for D. melanogaster) that allows successful reverse
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engineering of GRN is an organism-related (e.g., synchronized and stereotyped development) and a labor-intensive task requiring a community
that deﬁnes minimal standards. Unfortunately, similar high-quality datasets available for other organisms are sparse, unprocessed (e.g., in the
form of raw microscopy images) or collected using methods (e.g., in situ
hybridization) that are less suitable for quantiﬁcation. In the case of
the sea anemone N. vectensis, Botman and colleagues extracted the expression patterns of several genes from in situ hybridization images [16]
available in the Kahi Kai gene expression database [105]. Subsequently,
the authors applied the same mathematical model and reverse engineering approach used for D. melanogaster in order to infer the underlying
GRN involved in the gastrulation process of N. vectensis [18]. However,
the constructed network could not entirely reproduce the experimental data from chosen genes consist of NvTwist, NvFoxA and NvSnail [18]
for the following reasons: limited number of temporal and spatial data
points available (only two spatial patterns for each gene), uncertainty in
the selected GRN and complex nature of reverse engineering biological
networks.
In this paper, we introduce a method to enrich the spatial gene expression information extracted from in situ hybridization images like the
data available for N. vectensis, by combining it with quantitative information provided by qPCR measurements over time. Additionally, we show
that the in-depth cluster analysis of each data type (in situ and qPCR)
leads to better understanding of dominant regions of the embryo and
temporal events during development, respectively. Furthermore, we introduce a new method to merge in situ and qPCR clusters together, in
order to better identify possible gene interactions in different developmental stages. Finally, we discuss how our method and results can be
used to reconstruct a GRN involved in a speciﬁc process and to guide
biologists to design more accurate and focused experiments.

3.1 Materials and Methods
Based on published spatial expression patterns extracted from in situ
hybridization images of N. vectensis available in the public expression
database Kahi Kai (Ormestad et al., 2011), as well as ﬁne-scale tempo58

3.1. Materials and Methods

40 Ct

FC
1.0

50

otxa
otxb
otxc

0.5

(a)

(b)

t

48

40

0.0

0
4
8
12
16
20
24
28
32

t

48

40

0

0
4
8
12
16
20
24
28
32

t

48

25

0
4
8
12
16
20
24
28
32

10

40

20

Normalized FC

75

30

(c)

¯ the MathML source
Figure 3.1: From qPCR Ct values to normalized Fold Change. (a) Ct
of NvOtxA, NvOtxB, NvOtxC genes; (b) Relative fold changes with respect to NvActin
house-keeping gene; (c) Normalized fold change of NvOtx’s family.

ral expression (qPCR) [126, 8], we have created two internal datasets
that were optimized and used for further processing. Our temporal gene
expression dataset provides quantitative information about the relative
expression level of a gene at several time points during early embryonic
development of N. vectensis. Yet, it does not contain any spatial information about where exactly genes are expressed in the embryo. On
the other hand, our spatial gene expression dataset [17] consists of extracted spatial expression patterns of genes from in situ hybridization
images [16] which do not provide a quantitative estimate of gene expression level. Therefore, our temporal and spatial expression datasets,
each captures a different aspect of gene expression. Here we demonstrate that the cluster analysis of each dataset separately reveals valuable information about distinct developmental processes and regions
of the embryo. Moreover, we introduce a method for linking temporal
and spatial clusters together; then, we will discuss that the analysis of
linked clusters could resolve ambiguity appeared in individual clusters
and also provide testable hypotheses.

3.1.1 Processing qPCR Data
Quantitative real-time polymerase chain reaction, qPCR, is a well-established and accurate laboratory method for measuring the concentration
of a speciﬁc gene product by estimating its mRNA. Most qPCR experiments use a control gene, house-keeping gene, to be able to calculate
the relative concentration of a selected gene. The same principle makes
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it possible to calculate the fold change of a gene between two (or more)
experiments, developmental stages or consecutive time points during
the development. In order to compute the fold changes of a gene in
time, we adopted a method introduced by Pfafﬂ as follow [112]. First, the
average Ct values of all replicates, if any, are being computed at each
time-point, Cti ; then, the difference between Ct at t = 0 and t = i
will be measured as ΔCti = Cti − Ct0 . Finally, by having the ampliﬁcation factor of each gene, εg , we could compute the fold change of
mRNA templates at each time-point, Egi = (εg )−ΔCti . As mentioned, if
the house-keeping gene is shared between experiments, then the normalized fold change of a gene with respect to its house-keeping gene
can be computed using the efﬁciency of the house-keeping gene, Fgi =
house-keeping gene
Egi /εi
.
A dataset of qPCR measurements of over 200 genes from early developmental stages of N. vectensis has been collected, studied and published by Röttinger [126, 8]. Each gene is measured in 3 replicates, in
16 time-points: 0, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 24, 28, 32, 40, 48 hours
post fertilization, hpf; from early unfertilized eggs to late gastrulation
stage using NvActin as the house-keeping gene. We calculated the fold
changes of all genes in the dataset; also, we applied several data processing routines to the dataset in order to deal with missing data, interpolate the intermediate points and to normalize the fold change. It
is important to mention that normalized fold changes can be used to
compare temporal dynamics of genes with each other during the development; however, they should not be considered as quantitative measurements. Figure 3.1 shows the processing steps toward computing
the normalized fold change of NvOtx genes family.

3.1.2 Processing Expression Patterns Extracted from in situ
Images
Among several methods available for studying spatial gene expression,
RNA in situ hybridization and protein immunolocalization techniques are
the most commonly used methods to detect the expression territory of
a gene. However, one of the main drawbacks of this method is the fact
that the in situ images do not provide accurate quantitative information
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Figure 3.2: Raw and processed spatial expression patterns of NvBra from early blastula to late gastrula stage. (a) Extracted expression patterns of NvBra. Each color represents the data from each of our internal dataset; (b) Aggregated and normalized gene expression. The green pattern at late blastula stage is an estimated pattern, Section 3.1.3.2.
Filling has been used only for clariﬁcation of adjustment method, Section 3.1.3.2

about gene expression. In fact, while the color intensity of the staining
can vary in regard to the gene expression level, other factors such as
staining duration, staining method and imaging technique (e.g., chemical vs. ﬂuorescent) can drastically inﬂuence the ﬁnal results [16, 18].
Despite the mentioned drawbacks, recent studies introduced a method
for computationally extracting spatial gene expression information from
in situ hybridization images of N. vectensis [16, 18]. Botman manually selected the outlines of ectoderm and endoderm of embryos in each image,
then removed the background color and measured the color intensity
along the marked area thus providing spatial expression level of genes
in the embryo [18, Fig. 5]. They also considered the length variations
between different embryos by using percentages to represent embryo’s
length where x-axis correspond to length of the embryo and xi+1 − xi
is equivalent to 1% of embryo and both x = 0 and x = 100 correspond
to apical pole and x = 50 is located in oral pole, as illustrated later in
the text in Figures 3.4(a), 3.4(c). In the rest of this text, we use the same
representation.
Although Botman and colleagues implemented several ﬁlters and
post-processing steps to accurately extract the expression patterns from
an image [16, 18], the extraction of gene expression proﬁles from N. vecten61
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sis embryo’s stayed a challenging task. Their method is still very sensitive to the quality of the image, light source, hybridization details and
accurate detection of cells layer. Alternation in the latter often results
in slight variations in peaks position extracted from the same in situ image. Additionally, due to the non-synchronous nature of N. vectensis
development, hour post fertilization (hpf) is normally a rough indication
of developmental stages. In fact, previous work has shown that a variation of up to 35% in the number of cells at a given time point during
early development can be observed within a batch of ”synchronously”
fertilized oocytes [126]. Thus, morphologically distinguishing in visu of
a 18h blastula from a 21h blastula is usually a difﬁcult task and also has
to take into account the culturing temperature. This could also lead to
variation or ﬂuctuation in spatial gene expression pattern.
In order to reduce the uncertainty induced by the data and the extraction method, we produced three internal datasets of in situ expressions extracted from the same set of images available to us where each
can be considered as different replicates reﬂecting the ﬂuctuations in
the extraction algorithm, Figure 3.2(a). Here, we calculated the average expression pattern from all different measurements available, Figure 3.2(b). Moreover, we estimated the missing spatial pattern between
two available patterns when it is possible; for instance, in the case of
NvBra, spatial data is available at 14, 24, 28 and 40hpf but not at 18hpf.
We used linear interpolation to estimate the missing spatial pattern as
shown in Figure 3.2 with the green ﬁlled pattern at late blastula stage.

3.1.3 Constructing Continuous Spatiotemporal Gene
Expression Levels
Here we introduce a method to combine two datasets with each other.
As discussed, the qPCR data is quantitative but in situ expressions are
not. Thus, we will combine the quantitative information from temporal
data to spatial data extracted from in situ hybridization images. To do
so, we will adjust the expression level of spatial patterns using the qPCR
fold change of a gene over developmental time.
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Figure 3.3: Adjusting spatial gene expression patterns with qPCR fold change. (a)
NvBra normalized qPCR fold change, the change in expression can be seen in each developmental stage; (b) Scaled spatial expression patterns of NvBra using the normalized fold
change at each developmental stage. Filling illustrates the relation between the area under the in situ curve and the qPCR fold change. (The green pattern at late blastula stage
is an estimated pattern, Section 3.1.3.2); (c) Approximated continuous relative spatial expression pattern of NvBra.
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Table 3.1: Hour post fertilization intervals of N. vectensis’s developmental stages.
Each row indicates one developmental stage of N. vectensis with its used abbreviation
mentioned in parenthesis. Hpf Interval, hour post fertilization, indicates the start and
end of each interval and the Hpf Reference used as a reference time for a speciﬁc stage
for organisms cultured at 17◦ C.

Developmental Stage
Zygote (zy)
Cleavage (cl)
Early Blastula (eb)
Mid Blastula (mb)
Late Blastula (lb)
Early Gastrula (eg)
Mid Gastrula (mg)
Late Gastrula (lg)
Early Planula (ep)
Mid Planula (mp)
Late Planula (lp)

Hpf Interval
(0, 2)
(2, 12)
(12, 14)
(14, 18)
(18, 20)
(20, 28)
(28, 32)
(32, 50)
(50, 60)
(60, 70)
(70, 80)

Hpf Reference
1
8
12
14
18
24
28
40
55
65
75

3.1.3.1 Time Synchronization
In situ expression patterns are usually labeled according to developmental stages of N. vectensis which can be translated to a window of
time after fertilization which itself depends on the raising temperature.
In contrast, available qPCR experiments are performed more precisely,
and the values are reported at speciﬁed hour post fertilization similarly
in regard to the raising temperature. In order to merge the datasets,
we need to estimate the duration of each developmental stage and also
match and synchronize the times and stages between the two datasets.
Table 3.1 lists time intervals for each developmental stage of N. vectensis embryos that were cultured at 17◦ C [105].
Based on the approximate duration of each stage, we associated every in situ image to an exact hpf within the selected time interval. For
instance, an expression domain identiﬁed in an early blastula will be associated to 12hpf at 17◦ C. For relatively short developmental stages (less
than 4h), we have used the starting time and for longer stages, we approximately take the middle point. These assumptions are only being
used in the following section and it will not affect the clustering results.
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3.1.3.2 Adjusting the Spatial Expression Level by qPCR data
It is important to emphasize that Fgi indicates the relative changes in
expression of a gene at t = i relative to its value at t = 0, in the
whole organism. In addition, the area under the extracted spatial pattern, a 1D curve, is also relatively representative of total expression of a
gene detected in the organism although as discussed it is not quantitative. Therefore, we can use qPCR fold change value to relatively adjust
the height of a spatial pattern to its relative gene expression level as
indicated by qPCR fold change. For example, if Fg12 indicates the fold
change of a gene at t = 12 then the area under the spatial pattern in
early blastula (eb), Pgeb , has to be scaled to have the area equal to Fg12 , or
∫ g
Peb (x)dx = Fg12 . Figure 3.3(a) shows the adjusted expression level
of NvBra at different developmental stages using this method. Notice
that the height of spatial curves corresponds to the height of qPCR fold
change at the same time. In this case, we could see a high gene expression level of NvBra at early blastula in central domain/rings; then, the
expression level drops but the gene expression pattern stays in the oral
ectoderm during gastrulation at relatively stable levels, Figure 3.3.
In the presence of a sufﬁcient number of spatial expression proﬁles
in different stages or time-points through the course of development,
we are able to extend the adjustment method to estimate the continuous spatial and temporal expression pattern of a gene. Here we used linear interpolation to estimate the spatial pattern of a gene at time points
where qPCR measurements are available. Thereafter, we are able to apply the expression level adjustment procedure, as discussed in the previous section, to each intermediate pattern and construct the continuous spatiotemporal expression levels of a gene during the development.
For example, Figure 3.3(c) shows the estimated spatial expression pattern of NvBra during development where we estimated the spatial patterns at every 1 hour and adjusted the area under each curve to its corresponding qPCR fold change value.
It is important to state that using linear interpolation for estimating
intermediate spatial expression proﬁles may lead to erroneous conclusions due to the possible nonlinear regulation of a gene or/and morphological changes of the embryo in the course of early development. How65
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Figure 3.4: Dominant expression regions of N. vectensis embryo during blastula and
gastrula stages identiﬁed by cluster centroids. (a) Schematic representation of the
embryo at blastula stage with suggested regions; (b) Clustering centroids appears at important regions of the embryos during the blastula; (c) Schematic representation of the
embryo at gastrula stage (Pharynx consist of three distinct regions: body wall endomesoderm, pharyngeal endomesoderm and pharyngeal ectoderm); (d) Clustering centroids
appears at important regions of the embryos during the gastrula.

ever, in case of NvBra we argue that provided enough prior knowledge
about gene’s behaviors, the reconstructed expression proﬁle could be
informative and it is in agreement with its proposed behavior [72].
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3.2 Results
Clustering methods are commonly used for identifying genes groups
that share similar characteristics. However, clustering results have to
be interpreted cautiously since they could depend on both the robustness of clustering algorithm as well as the property of the data. For instance, although clustering in situ expressions could identify groups of
genes with similar spatial patterns, genes in one cluster might not be
expressed at the same time. On the other hand, because in situ expression usually are not quantitative, the clustering algorithm has no information over the actual expression level of genes, and this could lead
to clustering genes together that are not necessarily have similar levels of expression or temporal dynamics. In contrast, clustering timeseries, e.g., qPCR, ideally groups of genes that are possibly active at
the same time or following similar temporal dynamic; however, since
qPCR does not provide any spatial information, genes in one cluster
might not be present at the same regions in the embryo. In fact, with
no prior knowledge of genes, it is risky to conclude gene interactions
or functions solely based on their appearance together in either of the
clusters individually. In the reminder of this section, we take a different
approach toward clustering by linking clusters from each data source together; then, we show that the analysis of linked clusters could resolve
ambiguity appeared in individual clustering and also provide testable hypotheses. A similar approach has been used for identiﬁcation of synexpressed genes by classiﬁcation of fused microarray and in situ image
data of D. melanogaster embryo [26].
In order to optimize the robustness of our clustering results, we
have mainly used KMeans clustering method for both temporal and spatial data [106]. Due to the sensitivity of KMeans algorithm on the initial guess for the number of clusters, we have used the Silhouette score
to measure the consistency of KMeans for different values of (The silhouette score lays between [−1, 1] where higher value indicates that
members of each cluster are tightly grouped together). We estimated
the upper bound of by visually inspecting a dendrogram diagram constructed using average linkage as a dissimilarity measure and the Euclidean distance as a meter. Thereafter, we ran the silhouette analysis
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over KMeans results for (: number of prominent clusters in dendrogram)
by calculating the overall silhouette score and producing the silhouette
plot. Then, we selected a with highest overall score as long as the “thickness” and contribution of each cluster to overall score are relatively similar. Finally, we have performed the same procedure with different random seeds in order to check the consistency of our results. In the rest of
this section, we report the silhouette score of every cluster presented.

3.2.1 Clustering In Situ Expression Patterns
Here we are interested in identifying dominant regions of the embryo in
each distinct developmental stage as well as identifying genes that belong to each region. As mentioned, the KMeans clustering algorithm
is applied on all in situ expression patterns in order to cluster genes
with similar spatial patterns as well as identifying the centroids of each
cluster which are deﬁned as the mean of all members in each cluster.
Due to signiﬁcant morphological changes of the embryo from blastula to
gastrula, we divided the in situ expressions into two categories based
on the developmental stage from which they originated. In situs between 12 to 20 hpf are assigned to blastula stage, and those from 20
to 50 hpf are assigned to gastrula stage. This eliminates the possible
effects of abrupt changes in gene expression patterns due to morphological changes of the embryo. Dividing the in situ expressions into two
separate categories also improves the quality of our clustering results
since the algorithm could distinguish genes with different spatial patterns in blastula and gastrula and therefore, assigning them to different
clusters if they change their expression regions from one stage to another.
Figure 3.4(b) shows the centroid of each cluster at blastula stage.
It is important to emphasize that each centroid is a representative of a
group of genes in our spatial expression dataset. Our cluster analysis
identiﬁed four dominant expression regions during blastula stage (silhouette score: 0.56). With the assumption that the overall number of
cells does not change drastically from early to late blastula stage, peaks
in the middle and two ends of the x-axis are most likely establishing the
central domain and apical domain regions of the embryo, respectively.
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Figure 3.5: Cluster centroids from clustering normalized fold changes. Eight different
cluster centroids have been detected each indicating possible temporal event during the
early developmental process in N. vectensis. Genes in each cluster are listed in Table 3.2

Expression peaks in between them, are establishing regions known as
central rings and external rings which later in the development together,
most likely, form the future pharynx of the organism.
Figure 3.4(d) shows cluster centroids during the gastrulation stage.
We identiﬁed six dominant expression patterns during gastrulation (silhouette score: 0.55). Due to the more complex morphology of embryo
at the gastrula stage, the assignment of peaks to their corresponding regions is less accurate than for the blastula stages. For instance, green
peak corresponds to body wall endomesoderm. From three central symmetrical peaks, (red – orange - blue), the blue peak may correspond to
oral ectoderm, and although distinguishing the red and orange peaks
and assigning them to their corresponding regions is more challenging,
they may correspond to the pharyngeal ectoderm and the pharyngeal endomesoderm, respectively. Purple peaks are probably corresponding
to body wall ectoderm and brown peaks are corresponding to apical and
(or) sub-apical poles. At both stages, our identiﬁed dominant gene expression regions are in agreement with published observations [126, 8].
Genes belong to each cluster can be found in Figure 3.3 and 4 where
they have been colored accordingly.
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Figure 3.6: Combined qPCR and in situ clusters during blastula stage. a–i the root
numbers and colors refer to qPCR clusters (Figure 3.1) and node colors refer to in situ clusters (Figure 3.4(b)), respectively. For genes with no root, qPCR data were not available.

3.2.2 Clustering qPCR Fold Change
The same clustering method can be applied to qPCR measurements to
identify genes with similar temporal dynamics. The KMeans clustering
results are not as robust as clustering results of spatial expression pat70
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terns (silhouette score: 0.25) which mean genes loosely belong to their
clusters. However, it is still possible to identify dominant temporal dynamics (cluster centroids) during the development. As Figure 3.5 shows,
eight dominant temporal dynamics are identiﬁed. Two groups of genes
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are more expressed during the cleavage stage, genes in 2 and 6 clusters; however, the remaining genes have relatively low expression and
they are starting to be expressed during early blastula stage. Following the temporal dynamics towards blastula stage in Figure 3.5, we see
that genes classiﬁed as 2 and 6 are being less expressed during blastula stages despite their relatively higher expression levels in the previous stage. Moreover, genes categorized as 1 are starting to be more
expressed while the rest of genes are still having stable but low level of
expression. At the end of the blastula stage, we could observe higher expression of cluster 0, 4, 5, 7, which were fairly inactive prior to this stage.
Finally, genes in cluster 3 are being more expressed at later stages of
gastrulation. Table 3.2 shows the list of genes in each cluster.

3.2.3 Analysis of Combined Spatial and Temporal Clusters
Here we propose a method to combine and interpret clusters from in
situ expressions and qPCR fold changes together. Figure 3.6 and 3.7
are showing instances of combined clusters. In order to construct a
network in Figure 3.6, for example network B, we start by selecting all
genes that belong to temporal expression cluster 1 (root id in network B)
from Table 2. We then remove genes with no spatial information available for them; and ﬁnally, we color the remaining genes according to the
in situ clusters that they belong to in Figure 3.4. Therefore, the node (i.e.
gene name) colors indicate which in situ cluster a gene belongs to (spatial information, Figure 3.4) and the edge (lines connecting the genes)
colors imply what qPCR cluster a gene is originating from (temporal information, Figure 3.5). Therefore, we could interpret each network as a
group of genes appearing in the same region in the embryo (according to
spatial clusters, Figure 3.4) and with a relatively similar level of gene expression at the same time (based on qPCR clusters, Figure 3.5). Later,
we will discuss how this information can be used to identify similar or
dissimilar genes at each developmental stage.
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Table 3.2: Known genes in each qPCR cluster.
ID
0

1

2

3

4

5

6

7

Genes
arntl-like, ax1/hoxf, cad-c, cad-e, cad-f, cappucino-like, cubulin-like1,
dhand, ets-like, fgfr-like, foxa, foxd3, foxq2-like3, hox2, klf5-like, klf7like, mab21-like2, nfkb, porcupine-l, rx1, sfrp1/5-like, sox10-like, sp8/9like, tbx15, vegfr-like, wnt3, wnt7b
ashb, bra, duxabc, evx, fgfra, foxa/b-like, foxb, fz10, hd017, hd032,
hd043, hd065, hd147, hes1-like, hes3, lhx1, lhx6, moxc, msxa, msxb,
ncam3, nvduxabc, nvhd017, snaila, snailb, twist, wnt1, wnt2, wnt8,
wnt8b
actin, atonal-like, axin-like, creb-like, fgf20-like, fgfr-l2, fgfrb, hd050,
hd052, mab21-like3, nk2-like, pr2-like, shavenbaby-like, smad1/5,
smad4, smad4-like, vasa1
ax1a, ax8, blimp1, cordin, cv2, dkk-like3, dkk3-like1, dmbxc, dmbxf, elkalike, fgf8/17-like, ﬁx/nﬁ, gata, gcm, hd007, hd077, hex, hrtl-like, kielinlike, lim, lim1-like, meis, nkd1-like, tbx1, vasa2, wnt16
delta, dkk124, ehand-like, elk-like, erg, eve, follistatin-like, fosb-like,
foxq1-like, foxq2, gdf5, hd067, hlxb9, ikb, mae-like, maf-like, musk-like,
nanos1, neurod, q50-6 (hd145), rfp-like, six3/6, sprouty, stra, tbx20like2, wnt11, wnta
bicaudal, c-myc-like, cad-g, coup1-like, dlx, fgfrc, fox1, foxd1, foxj1-like,
fz1-like, gﬁ-like, glis, gsc, hbp1-like, hd037, hd058, not1,(hd145), heslike1, hes-like2, hes-like5, hes2, hex1, hmx3, k50-5, mae, miwi-like,
paxa, pea3-like, perlecan-like, pl10, pn5, pou-like1, pou-like2, pou-like3,
repo, rx3-like, sox2, tolloid, vegf-like2, vsx-like, wnt5, wnt6
activin, ax6a, bcl2-like, admp-related, bmp5/8, elav-like, hd056, hd060,
hh1, nanos2, onecut-like, otxa, pdef-like, phtf1-like, ret-like2, snip1-like,
soxb1, tbx18-like, tcf, tela-like, vasa-like, vcam1-like, vegf-like, vent2
ax1, bmp1-like, bmp2/4, cad-a, cad-b, coup-like2, fgf1a, fgf2a, fgf8a, gli,
hd010, moxd, ncam1, nk-like13, nk2a-like, otxb, otxc, rfx4-like, runt,
six4/5, tailless-like, tolloid-like, wnt4

3.3 Discussion
We showed that the analysis of qPCR dataset could reveal different temporal events during the development as well as suggesting genes involved in each process. As shown in Figure 3.5, one or more cluster
centroids are suggesting distinct temporal events during development.
Cluster 2 and 6 are strongly suggesting a family of genes that are expressed/active during cell divisions period and becoming less active afterward. Cluster 1 indicates the preparation of embryo for the formation
of the blastula. In addition, distinct events at every stage of gastrulation can be predicted by clusters 4, 7 and 3 respectively. Overall, differ73
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ent cluster centroids are suggesting distinct chronological events during the developments. Some of the predicted events are in agreement
with already known results, for instance, Röttinger and colleagues suggested the initiation of a bulk zygotic gene expression or mid-blastula
transition (MBT) [126]. They have suggested that N. vectensis goes through
an MBT-like event during early blastula (10 hpf). Our data agrees with
their theory by showing the rise in the expression level of a cluster of
genes just before the start of the blastula ( 10 hpf).
Similarly, we showed that results from in situ clustering would lead
to conclusions about dominant expression regions in the embryo in different developmental stages. They can also be used to identify or track
the expression regions of a speciﬁc gene. As an example, Figure 3.4 (B)
and Figure 3.6 (B) show that NvBra (N. vectensis Brachyury) belongs to
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the green cluster during blastula (expressed in the central domain with
higher peaks at central ring). However, it is part of the blue cluster during gastrulation (expressed in the pharynx regions, i.e. pharyngeal endomesoderm, pharyngeal ectoderm and oral ectoderm). The same behavior is observed in orthologue of Brachyury in the Sea Urchin during
the gastrulation process [47] and has been proposed to have the same
behavior in N. vectensis [72].
Additionally, we introduced a method for combining clusters of in
situ and qPCR data. Figure 3.6 and 3.7 provide a unique categorization of data in time and space distinguished by developmental stage.
In Figure 3.8, we have provided a guideline on how to predict possible
interactions between genes in each stage from Figure 3.6, 3.7. Cumulatively these predictions will lead to the construction of GRN candidates
involved in certain processes. For example, by assuming that the gastrulation process initiates after formation of three distinct expression regions at blastula stage (central domain, central/external ring and apical
domain) [16, 18], we can start selecting genes that are active in the mentioned regions before and during the formation of blastula. Therefore,
from networks A, B, C, E, G in Figure 3.6, NvFoxA, NvSnailA, NvSnailB,
NvOtxA, NvNanos2, NvErg (genes in red) and NvBra, NvFoxB, NvWntA,
NvTcf (genes in green) are good candidates for genes concentrated in
central domain and central ring respectively. NvLhx1 and NvWnt2 (genes
in blue) are good candidates for genes concentrated in central/external
rings and ﬁnally NvAx1 (genes in purple) is the only candidate for genes
concentrated in apical regions. Interestingly, we see similar expression
regions for NvSnailA and NvFoxA during blastula. However, looking further into gastrulation (Figure 3.7), we see the complementary expression of NvFoxA and NvSnailA. This has been observed by Magie and colleagues that performed two colors in situ hybridization of NvFoxA and
NvSnailA [87]. Moreover, our selected list of genes consists of several
known genes involved in gastrulation in other organisms; for instance,
as suggested the repressor function of Snail is necessary for Drosophila
gastrulation [52].
Until now, we only selected genes that are spatially separated. This
means that the genes from the two groups are either not directly interacting with each other (they are not located at the same region) or one
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group inhibits the expression of the other group in the same region. Latter would result in dominant expression of the inhibitor group in that
region. However, we will show that it is possible to derive less trivial conclusions about gene behaviors as well. For instance, as shown
in Figure 3.3, the expression region of NvBra disappears from central
domain during late blastula and concentrates more in pharynx regions
during the gastrulation. Due to the complexity of gastrulation process,
identifying the exact reason for this slight change in expression region
of NvBra is still subject to more research. However, as observed, cells
in central/external rings tend to move to future pharynx during the early
gastrulation [87]. This, together with the possible slow decay in concentration of NvBra in the central domain/ring leads to a visible change in expression of NvBra. However, if morphological factors play a minor role,
repression of NvBra expression in central domain/ring by another gene
will similarly lead to the disappearance of NvBra from central domain at
late blastula. We think the change in expression region is driven by both
factors. The cell movement is possibly playing a major role in centralizing the expression in pharyngeal regions, on the other hand, not all cells
from the central domain/ring will move to pharyngeal regions. Therefore,
we think the expression in the central domain is being repressed by one
or more genes during the transition from blastula to gastrula.
Here we describe in details how our combined clustering method
can suggest possible inhibitors of NvBra during the transition from blastula to gastrula, as outlined in Figure 3.9. Starting from Figure 3.6, we
see a possible correlation between NvBra, NvFoxB, NvWnt8, NvHd147,
NvAshB (network B). In fact, they start to be expressed just before blastula and they are spatially restricted to the central ring (same color, same
root id). On the other hand, as mentioned, Figure 3.7 shows that NvBra
tends to be expressed in the oral ectoderm or pharyngeal ectoderm during the gastrulation process (moving from green to blue cluster in Figure 3.4(b), 3.4(d)). This suggests repression of NvBra, before and during
the gastrulation stage, in the central domain by another gene (which
should be activated before or at the same time) to reduce NvBra expression in the central domain. In order to ﬁnd possible candidates with
negative effects on NvBra at the start of gastrulation, we need to look
at clusters 1, 2 or 6 of Figure 3.5 which consists of active genes dur76
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ing this stage or cluster 0 and 4 which are genes that are starting to
have higher expression (activity) just before the start of gastrulation process. Checking the list of genes in clusters 0, 1, 2, 4 and 6 in Table 2, we
see some plausible candidates: NvSnailA, NvTcf, NvOtxA, NvAxin, NvSmad1/5, NvSmad4, NvFz10, NvFoxB, NvWnt3, NvErg. The next step toward ﬁltering out our choices is to ﬁnd the genes that are present in the
central domain during the gastrulation. By identifying the color of selected genes in Figure 3.7 and knowing that genes in green are expressed
in the central domain, we can narrow down our choices to NvOtxA, NvSnailA, NvFz10, NvFoxB, NvWnt3, NvErg as candidates for repressing NvBra
in central domain during the transition from blastula to gastrula stage.
A recent functional study in Nematostella vectensis conﬁrms part of our
prediction. In fact, inhibition of NvErg using a morpholino-based knockdown approach extends NvBra expression from the central ring toward
the central domain showing that indeed, NvBra is actively repressed by
NvErg in the central domain [8]. The other predicted potential repressors of NvBra need to be tested in the future.
At this point, using the information provided in Figures 3.6, 3.7 and
following the instructions in Figures 3.8, 3.9, we can validate our method
further by comparing our predictions to the current known GRNs of N.
vectensis during the early-blastula and early-gastrula [80, 126, 8]. In the
case of NvTcf, while our method could not precisely suggest the direction of repression effect found in functional studies, we can observe the
similar repression effect between NvTcf and NvSnailA at the central/external/circumferential rings (appearing in the blue and orange clusters
(Figures 3.4(b), 3.4(d)). Similarly, the repression effects between NvTcf
and NvDuxABC, NvFgf8A, NvHlxB9 at the central rings, central rings, and
central/external rings (appearing in the red, red and orange clusters
in Figures 3.4(b), 3.4(d)) respectively. In contrast, we can observe activation effects between NvTcf and NvBra, NvAsh, NvFoxB, NvWnt8 at
the central/external rings during the late-blastula (all appearing in the
green cluster in Figure 3.4(b)). In the case of NvErg, in addition to the
repression of NvBra by NvErg (in the central domain), we can suggest
activation of NvOtxB and NvOtxC by NvErg in the central domain as well.
In summary, despite the fact that our predictions lack the precise direction for the interaction, we can suggest similar interactions for genes
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available in our datasets and literature.
Through several examples, we showed the advantages of our methods and analysis. We showed that given the spatial and temporal gene
expression datasets, we could extract the speciﬁc type of data encoded
into each dataset individually. As we showed, analysis of temporal data
could potentially reveal hidden temporal events in the course of development, which could be hard to identify only from experiments. Additionally, with analysis of spatial data we were able to reveal important
regions in the embryo with possibly different functional properties. Finally, our multi-layered cluster analysis can produce testable hypothesis about possible gene interactions, reveal non-trivial behaviors of a
gene, and predict GRNs controlling certain developmental processes.
Additionally, in Materials and Methods section, we presented a method
to combine spatial and temporal data and provide a continuous representation of gene expression level in time and space through the embryonic development of N. vectensis; consequently, improving the quality
and quantity of data for further reverse engineering purposes.
Given the scalability and independency from a type of organism and
prior knowledge on biological functions of genes, our method can be
used to analyze large spatial and temporal datasets of other organisms
in order to reveal distinct developmental events, identify important regions and hypothesize about possible gene interactions. Results from
our method can also be used to design more accurate experiments by
guiding biologists to focus on particular time, region or genes that could
signiﬁcantly improve accuracy and reduce experimental costs. Consequently, new experimental results such as in situ hybridization images,
qPCR measurements or a new type of data, e.g. RNAseq measurements,
can be inserted to the datasets, leading to more reﬁned results and analysis of gene interactions and behaviors.
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One of the big challenges in current-day biology is efﬁcient network
inference (also known as reverse engineering) [141]. It is the so-called
inverse problem of deducing which genes interact and how strong each
interaction is on the basis of the network’s observed output, its expression dynamics. By tackling this challenge successfully, we gain insight
in the internal dynamics of a regulatory network. In turn, this understanding aides the explanation of existing experimental results and helps
us formulate hypotheses and new experiments to further probe the biological system under study. While on the experimental side obtaining
the required data is often laborious and difﬁcult, here we take the data
as a given and focus on the computational side of network inference.
With the currently available computational power of a single workstation, network inference in a unicellular context is a successful endeavour, such as for yeast genetic and metabolic networks [51, 15], and
for the optimization of speciﬁc bio-molecules in bacteria [27] and in mammalian cell lines [131, 128, 85]. Moreover, the study of such systems is
supported by software tools [54], formal languages for model description that enhance sharing and re-use [57, 96], and crowd-sourcing efforts (e.g., DREAM Challenges [63]).
In developmental biology, network inference is used to compare and
better understand how organisms create spatial and temporal patterns
to grow and shape themselves. Networks of interacting genes are key
players in these dynamical processes. Well-known examples are body
plan formation in insects [60, 12, 30, 29, 31] and sea-anemones [81], limb
development [133, 117], and vulva cell differentiation [56]. The multicellular context, however, means an additional computational challenge.
In the tissue that is being patterned, each cell has a gene network and
(in general) communicates with other cells, thus creating a large system
of coupled gene networks. This means that as we move from describing
a single cell to a multicellular setting, the number of variables of the system increases dramatically (though the number of parameters remains
rather similar to the single cell case). As a result, to do a rigorous, automated, ﬁtting of model parameters, increased system size makes calculations computationally demanding. In fact, one is often restricted to
high-performance computing (HPC) facilities.
Regardless of whether one studies single cells or patterning tissues,
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when one is deriving a network from data, swift feedback from the inference algorithm is highly desirable. The effort of building a model usually
requires several iterations of inferring the regulatory network to arrive at
a satisfactory solution. Hence a fast algorithm is not only convenient, it
also allows for a better study of the network through alternative scenarios and systematic assessment of the inﬂuence of parameters on the
system. Each iteration of inference provides information that may be
used to adjust the algorithm and to analyse the solutions that have been
produced. It follows that an important feature is the computational cost
of an algorithm used for network inference.
Here, we address the issue of computational cost and swift feedback in the context of a developmental regulatory network—the gap gene
system, introduced below—responsible for early body plan formation in
insects. We introduce a hybrid, two-stage optimization approach to infer the network. The idea behind the two-stage approach is to ﬁrst explore parameter space with scatter search. Scatter search is a populationbased approach, that has been building a solid reputation for solving
combinatorial and nonlinear optimization problems [125, 35]. Indeed,
a solver based on scatter search was found to be the best stochastic
solver tackling 1000 global optimization problems and outperformed other
methods in black-box challenges [100]. In the last decade, scatter search
has been adapted for nonlinear dynamic biological systems (and continues to be further developed, see Discussion) [125, 35]. Its biggest advantage is that it is a computationally light method and thus provides
rapid feedback on the structure of the network.
Once after several rounds of exploration a set of promising solutions
is established, in a second stage low temperature simulated annealing
is used to reﬁne them. We evaluate the strengths and weaknesses of the
hybrid approach against ‘normal’ simulated annealing. We use a parallel implementation of simulated annealing, pLSA, that over the last two
decades has been our algorithm of choice as it ﬁnds excellent solutions
that faithfully reproduce expression data and spatial patterns [120, 61,
30]. While we restrict ourselves here to a comparison of scatter search
with simulated annealing, we note that also evolutionary optimization
algorithms have been used to tackle the challenge of insect body plan
formation [62, 37, 69].
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Figure 4.1: Body plan patterning in D. melanogaster. In both panels, the trunk gap genes
are hunchback (hb), Krüppel (Kr), giant (gt), and knirps (kni)). External inputs to these four
genes are the maternal factors Bicoid (Bcd), Caudal (Cad), and the terminal gap proteins
Tailless (Tll), and Huckebein (Hkb). (a) Schematic depiction of a Drosophila embryo with
the anterior (head) oriented to the left and its dorsal side to the top. Gap gene expression
domains are shown as vertical bands along the trunk region. Expression in the head and
terminal area is omitted; (b) The gap gene network mapped onto the expression domains
of the trunk region. Background gradients of Bcd (purple) and Cad (cyan) activate the gap
genes. Each rectangle is an expression domain. Circular arrows indicate self-activation,
interactions with T-bars represent inhibition. Dashed interactions signal a net effect.

As a benchmark system, we use the gap gene network of the fruit
ﬂy Drosophila melanogaster (Figure 4.1(a)). It is the regulatory network
that lays down the initial body plan of the ﬂy during the blastoderm stage
of early development, before the onset of gastrulation (Figure 4.1(b)).
It consists of three maternal gradients, namely Bicoid (Bcd), Caudal
(Cad), and Hunchback (Hb), that are interpreted by four trunk gap genes,
hb, Krüppel (Kr), giant (gt), and knirps (kni)). As a result, the trunk gap
genes form a series of broad stripes along the antero-posterior (A–P)
axis. At the posterior end, the terminal gap genes tailless (tll) and huckebein (hkb) regulate the trunk gap genes. The gap gene system is one of
the best understood developmental networks from both an experimental and modelling point of view, and thus a good benchmark case [59].
In comparison to other developmental systems, the Drosophila embryo has some key advantages. The early embryo is a syncytium (multinucleated cell), so we may ignore intercellular signalling. There is no
tissue growth or rearrangement during the blastoderm stage. Moreover,
patterning by gap genes in the trunk region occurs only along the A–P
axis, and is decoupled from other patterning processes, such as those
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along the dorsal-ventral axis. These properties allow us to simplify the
system to a one-dimensional array of (dividing) nuclei along the A–P
axis. Indeed, due to its modelling-friendly properties, the gap gene system has been studied with a variety of models and methods [127, 110,
108, 147, 146, 13, 24].
We employ the gene circuit approach to model the Drosophila embryo [98, 120, 119, 61, 12, 30]. A gene circuit is a dynamical hybrid model
of coupled ordinary differential equations (ODEs). An embryo is represented as a row of nuclei that divide over time, where each nucleus has
an identical instance of the gap gene regulatory network. The ODEs encode the network through regulated synthesis of gene products (mRNA
or protein), Fickian gene product diffusion between neighboring nuclei,
and linear decay of the gene product. For D. melanogaster, the system
has 41 parameters and ﬁtting these may be classiﬁed as an optimization task of medium size. Originally, gene circuits were developed to
ﬁt quantitative protein expression data [61, 60, 12]. The acquisition and
processing of such data are a laborious and time-consuming effort, and
are not easily applied to nonmodel organisms. Recent studies, however,
have shown the wider applicability of the gene circuit approach by developing protocols based on mRNA expression data, not only in D. melanogaster [30], but also in nonmodel organisms [29, 31]. Moreover, gene circuits allow for simultaneous inference of which interactions are present,
whether they are activating/inhibiting, and the strength of these interactions. It sets the gene circuit approach apart from other modelling
efforts, where the topology is predeﬁned and the task is to establish
which interaction strengths ﬁt the data best (known as parameter estimation). Together, these properties make ﬁtting gene circuits an ideal
test case for scatter search. It is a challenging task, it has an immediate practical relevance in systems biology, and has been shown to be
successful for the inference of unknown gene regulatory networks.
We show that a hybrid, two-stage approach to network inference
problems in developmental biology delivers equally good results as simulated annealing, our current default method. We ﬁnd that scatter search
efﬁciently and effectively explores the parameter space, and that low
temperature simulated annealing turns good solutions into excellent ones.
These results suggest that it is a promising method for inferring unknown
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networks, such as the one laying down the body plan of the sea anemone
Nematostella vectensis [81, 44, 17], where multiple rounds of exploration
are likely necessary. Moreover, given the additional computational costs
for simulating systems in which morphogenetic processes play an important role (e.g., 2D and 3D models including cell migration, tissue rearrangements, growth, cell death) a light explorative method will be a
prerequisite for success.

4.1 Materials and Methods
4.1.1 Scatter Search Method
Scatter search is a global optimization algorithm related to the family of
evolutionary algorithms [46]. As do evolutionary algorithms, the method
maintains a population of solutions and combines these solutions to obtain new ones. However, the underlying search strategy is different (see
[125, 35] for an in depth discussion). We implemented a sequential version of scatter search, closely following a set of guidelines developed
for applications in biology [125, 35].
The algorithm operates as follows (Figure 4.2). In an initial phase,
(1) scatter search generates a large set of diverse solutions, named the
Scatter Set. The goal is to have an initial set of solutions that reasonably covers the parameter search space. To this end, the diversity of
solutions is maximised by subdividing parameter space into bins and
uniformly sampling parameter values across these bins. Then (2) the algorithm creates the main population of solutions named the Reference
Set. A set of solutions is selected from the Scatter Set on the basis of
their quality and diversity: half of the reference set contains the best
solutions, i.e., elite solutions, and the other half consists of diverse solutions (in terms of parameter values). This dual use of the Reference
Set is maintained during the optimization phase.
After initialization, scatter search iterates the following steps until
a stop condition is satisﬁed. In our case, the algorithm performs a ﬁxed
number of iterations. In every iteration, (3) the algorithm produces a
set of candidate solutions, Candidate Set, by creating linear combinations of every pair of solutions in Reference Set. Next, (4) the worst so87
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Figure 4.2: Scatter search algorithm design as presented in [125]. See main text for details.

lutions in Reference Set are replaced by better candidates, taking into
account quality and diversity of the candidates. Before starting the next
iteration, (5) the algorithm may apply a local search on the members of
Reference Set to accelerate convergence. By default the Nelder-Mead
simplex algorithm is used, additionally we used Stochastic Hill climbing. In our implementation, the user decides beforehand if local search
is enabled, and under which conditions it is applied (Local Search Filters in Figure 4.2) . These ﬁlters help to avoid time-consuming evaluations of solutions. We provide one, ﬁlter_different_enough, that checks
if a solution has sufﬁciently distinct parameters from other members of
Reference Set. This avoids regions of search space that are already being explored. The second ﬁlter, ﬁlter_good_enough, only allows good
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Table 4.1: Parameter settings for sequential scatter search.

Name

Value

Description

iterations
reference set size
scatter set size
local search frequency
local search score
regenerate reference set
stop criterion

10,000
22
1000
25
2.0 × 105
50

Maximum number of iterations
Number of individuals in set
Number of individuals in set
Do search every n iterations
Cost must be lower than x
Refresh set every n iterations
Maximum number of iterations is reached

individuals, as local search is most effective if the starting solution is
good [95, 1]. Finally, (6) occasionally no candidates replace the current
members of Reference Set. In such a case, we consider the algorithm
to be stuck in a speciﬁc region of parameter space. Scatter search overcomes such an impasse by randomizing a part of Reference Set using a
newly generated Scatter Set.
Scatter search is implemented in C and requires two third-party libraries: SUNDIALS and GSL [53]. Source code is available on GitHub.
We compiled the code with GCC 4.7.2 using the -O2 optimization ﬂag.
We have run scatter search simulations on the Lisa system of SURFsara using search parameters as listed in Table 4.1. We saturated single
nodes (Intel Xeon CPUs at 2.6 GHz, 16 cores) with the maximum of 16
runs to suppress hardware parallelism. We note that these tests were
run on a HPC facility simply for convenience. The software does not use
any parallel computation features and the hardware of current-day workstations is often comparable to that of the Lisa system.

4.1.2 Parallel Simulated Annealing
Simulated annealing (SA) is a probabilistic global optimization algorithm,
originally formulated in the 1980s [65]. It operates in analogy to metallurgic annealing, the process of slowly cooling metal in order to reach a
http://computation.llnl.gov/projects/sundials
https://www.gnu.org/software/gsl
https://github.com/amirmasoudabdol/flyOpt
https://gcc.gnu.org
https://userinfo.surfsara.nl/systems/lisa

89

4. A Hybrid Method for Reverse Engineering GRNs

low-energy equilibrium state. In simulated annealing the energy level is
the cost of a solution, and the notion of cooling is implemented as slowly
reducing the probability of accepting a new candidate with a worse cost.
The basic structure of SA has three components. First of all, it requires a so-called ‘move’ function that creates from the current solution
a neighbouring ‘mutant’ solution. Second, there is a policy to accept or
reject the new solution. The cost of the old and new candidates and
the current temperature are taken into account to make the decision.
Third, an annealing schedule determines how to lower the temperature
as the algorithms progresses. The key parameter is the temperature. It
determines the acceptance rate of new solutions with worse cost than
the current one: the lower the temperature, the lower the probability
of acceptance. Thus, starting with a high temperature, SA initially samples across the entire parameter space. As the algorithm moves from
one solution to another, the annealing schedule lowers the temperature
and over many ‘moves’ the algorithm biases progressively towards better solutions. The (occasional) acceptance of worse solutions ensures
that it escapes local optima.
The strength of SA is that it works very well for a wide variety of (biological) optimization problems. Moreover, given certain requirements,
it is mathematically proven to ﬁnd the global minimum. However, its
weakness is a large computational footprint. Therefore, we use parallel Lam Simulated Annealing (pLSA), developed by [25]. It is a parallel
implementation of SA with the adaptive annealing schedule of [74, 73].
The approach is based on the observation that the acceptance policy
maintains a Boltzmann distribution of energies. By combining statistics
from all processing nodes, and a mixing of node states at given intervals,
such a Boltzmann distribution is ensured also in the parallel case.
pLSA is implemented in C and uses MPI, SUNDIALS, and GSL. pLSA
is run (with settings given in Table 4.2) at the Barcelona Supercomputing
Center, using Mare Nostrum 3 computing facilities. It is compiled with
the Intel compiler v13.0.1 using the -O3 optimization ﬂag and Intel MPI
library. A single pLSA run is executed on 64 cores. Nodes have Intel
Sandybridge CPUs (8 cores) at 2.6 GHz, with at least 2 GB of working
memory per core.
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Table 4.2: Parameter settings for parallel simulated annealing.

Name

Value

Description

initial moves
processing nodes
moves per iteration
mixing interval
start temperature
stop criterion

96,000
64
41
25
1.0 × 106
0.0001

Initial moves to establish unbiased Boltzmann distribution
Number of CPU cores used
One move per gene circuit parameter
Synchronization every n iterations
High starting temperature
Cost change in last 5 moves less than value

4.1.3 Gene Circuits, Simulation, and Analysis
The gap gene regulatory network is modelled as a gene circuit [120], described in detail elsewhere [12, 30]. In short, we model the trunk region
of the D. melanogaster embryo as a linear array of nuclei. The trunk region is deﬁned for mRNA expression data from 35% to 87% A–P position, and for protein data 35%–92% (0% is the anterior pole). In each
nucleus, there is continuous regulation and expression of gap genes,
while over time the number of nuclei doubles through discrete mitotic
division. Gene regulation and expression over time t is governed by
coupled ordinary differential equations (ODEs):
(
)
dgai
= Ra Φ(uai ) + Da (n) gai−1 + gai+1 − 2gai − λa gai
dt

(4.1)

with gai , gene expression product (mRNA or protein, depending on the
data) at nucleus i of gap gene a ∈ G (G is deﬁned below). Parameters
Ra , Da (n) and λa are production, diffusion, and decay rates. Diffusion
depends on the number of previous divisions n. Eukaryotic gene regulation is phenomenologically modelled as a sigmoid response curve Φ
with a summation over genetic interactions uai :
(
)
1
uai
a
√
Φ(ui ) =
+1
2
(uai )2 + 1
(4.2)
∑
∑
uai =
Wba gbi +
Ema gmi + ha
b∈G

m∈M

with trunk gap genes G = {hb, Kr, gt, kni} and external inputs M =
{Bcd, Cad, Tll, Hkb}. Parameter matrices W and E deﬁne genetic in91
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Figure 4.3: Gap gene network representations. (a) Diagram of the gap gene network as
shown in Figure 4.1, with interactions between the expression domains along the A–P axis.
Each number refers to an interaction in panel b; (b) Matrix representation. Column names
are regulators (proteins), row names are gap genes (gene names) receiving the regulation.
Gap-gap and terminal-gap interactions are numbered 1–19, and maternal gradients are
coloured to match the background gradients in panel a. The gap-gap interactions with a
dashed border are depicted as a net regulatory effect from one gap gene to an other in
panel a (as in [30]). The regulatory effect of Tll on hb and Kr (white boxes) are ignored in
panel a.

teractions between trunk gap genes and external inputs on trunk gap
genes, respectively. Each parameter Wba (and Ema ) represents the effect
of regulator b (m), on gap gene a. We interpret that the regulator has an
activating role if w ∈ W (e ∈ E) is positive (w > 0.005); an inhibitory
role if negative (w < −0.005); and there is no interaction if the value
is near zero (−0.005 ≤ w ≤ 0.005). The interpretation is visualized
as a network diagram (Figure 4.3(a)) or as a genetic interaction matrix
(Figure 4.3(b)). Parameter ha represents background maternal factors
and is ﬁxed at −2.5 for all trunk gap genes. In total, a gene circuit has
41 parameters.
As mentioned in the Introduction, D. melanogaster gap genes are
expressed during late blastoderm, in mitotic cycle C13 and C14A. Gene
circuit equations are solved from the start of C13 (t = 0 min), when gap
gene expression becomes detectable, until the onset of gastrulation at
the end of C14A (t = 71.1 min). Mitosis occurs during t = 16–21 min, during which gene product synthesis is set to zero. Gene circuits have 108
ODEs in C13, and 212 ODEs in C14A. Regardless of the optimization algorithm, gene circuits are numerically integrated using two solvers. If
circuits are inferred from mRNA expression data, an implicit multi-step
method is used (CVODE, Sundails library)[53]. In case protein expres92
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sion data are used, we employ a Runge-Kutta Cash-Karp adaptive stepsize method [61].
The cost of a gene circuit is the sum of residuals when comparing
the circuit output with experimental data. It is minimized by the optimization algorithms, and we formulate it as a weighted least squares
[12, 30]:

cost =

∑ ∑
a∈G

∑

(

vai (t) gai (t) − dataai (t)

)2

(4.3)

t∈T i∈Nc (n)

with G the set of trunk gap genes, T the set of time points for which we
have data (C13, C14A: T1–T8), Nc (n) the number of nuclei after n mitotic
cycles, vai weights, and dataai (t) the mRNA or protein expression level
of gap gene a in nucleus i at time point t. For interpretation, we may
also express the cost as a Root Mean Square (RMS), which ignores the
weights v and is a normalization with respect to the total number of data
points (NRNA = 1804 and Nprotein = 1976).
After optimization, the resulting solutions are judged on RMS, numerical stability, and visual inspection of model output, as described in
detail elsewhere [12, 30]. Analysis and plotting is performed using the
previously developed SuperFIT package [31].

4.2 Results
4.2.1 Scatter Search Efﬁciently Explores Parameter Space
Our ﬁrst goal was to broadly characterize the performance of scatter
search in the context of inferring the network of gap gene interactions
in D. melanogaster. We generated a large set of solutions by starting
1000 scatter search simulations and taking the ﬁnal best solution from
each of them. We focussed on the networks derived from D. melanogaster mRNA expression data (Figure 4.4(a)) [30], while we obtained similar results for protein expression data (Figure 4.4(c,d)) [12]. The cost of
mRNA-derived solutions, as deﬁned in Equation (4.3), ranged from 1.16
to 4.04 × 105 , with an average of 2.23 × 105 (and median 2.20 × 105 ).
https://app.assembla.com/spaces/superfit/subversion/source
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Figure 4.4: Performance of (sequential) scatter search method (SSm) and parallel
Lam simulated annealing (pLSA). All panels plot function evaluations against cost (see
Equation (4.3)). A function evaluation is deﬁned as computing gene expression levels of
a gene circuit from time t = 0.0 to 71.1 min. It is a performance measure independent
of compiler settings and hardware. The cost indicates how well a gene circuit reproduces
gap gene expression data (lower is better). (a) The main body of results is based on gene
circuits derived from mRNA expression data, using scatter search with the Nelder-Mead
algorithm as a local search method. Gene circuits from SSm are grey blue, the 200 selected circuits are blue, of which the 50 best in dark blue. Gene circuits from pLSA are
red; (b–d) Gene circuit performance using mRNA and protein data expression data, and
switching between Nelder-Mead and stochastic hill climbing. Circuits from scatter search
are grey-blue, those from pLSA are red.

As scatter search only applied the local search method, if a solution’s
cost is below 2.0 × 105 , there is a lack of solutions just below this
cost (Figure 4.4(a), ‘Local search score’ in Table 4.1). From these 1000
solutions, we sampled 200 for further study and analysis (Figure 4.4,
blue dots).
Next, we used pLSA to generate a second set of solutions by ﬁtting
150 gene circuits to mRNA expression data. We made three noteworthy
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observations in the comparison of both methods (Figure 4.4). First, the
average scatter search run executes substantially fewer function evaluations than an average pLSA run (0.5 × 107 against 1.5 × 107 ). Second, we deﬁned good and excellent solutions to have, respectively, a
cost ≤ 1.5 × 105 and ≤ 1.05 × 105 . With this categorization, scatter
search ﬁnds many good solutions, but not any excellent ones. Instead,
pLSA does ﬁnd excellent solutions that are suitable for in-depth biological analysis. Third, the relation between cost and function evaluations
suggests there is a Pareto front, where a certain minimal number of evaluations are necessary to reach a given cost (Figure 4.4(a)). Intuitively it
makes sense, as good and excellent solutions are rare and it requires
computational effort to ﬁnd them. We place a cautionary note, though,
as we observed that the shape of the (potential) Pareto front depends on
the local search method used in scatter search and the type of expression data (mRNA/protein). If we use Stochastic Hill climbing or protein
data, the front changes shape and the trade-off between cost and function evaluations is less visible (Figure 4.4(b–d)).
Thus, despite the population-based approach, scatter search is a
computationally light search method (also noted by [125]). Moreover,
the strength of scatter search is that it efﬁciently surveys parameter
space and identiﬁes promising areas that can be further explored (i.e.,
analysing the good solutions). Its weakness, however, is that it does
not ﬁnd as excellent solutions as pLSA does.

4.2.2 Exploiting the Exploration Done by Scatter Search
Even if scatter search solutions do not reproduce expression data at the
desired level of biological correctness, they provide a ﬁrst view on the
structure of the gene network. As argued in the Introduction, such a
quick ﬁrst view is a valuable source of information, especially in the case
of unknown gene networks or computationally expensive models. The
gap gene network of D. melanogaster is a good test case, as we know
its structure well. We asked what biological insight is already contained
in the 50 best solutions inferred by scatter search.
We created a ﬁrst view of the gap gene network by categorizing the
genetic interactions in the 50 best gene circuits (Figure 4.5(a)). Almost
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Figure 4.5: Exploring genetic interactions of the 50 best scatter search circuits. (a)
Genetic interaction matrix summarizing the type of regulation found amongst the circuits (see also Figure 4.3). Number triplets deﬁne the number of solutions with repressive/no/activating interactions. Columns are regulators, rows target genes. The colour
code indicates green for activation and red for repression. Saturated colours indicate full
consensus amongst gene circuits, light colours a two-third fraction of circuits for one type
of regulation; (b) Histogram of parameter values for hb self-regulation. Inset shows the
same parameter values split by Hb activating (purple) and inhibiting (orange) gt. See also
panel d; (c) Histogram of parameter values for Hb regulating gt. The distribution splits
into an inhibitory and activating set of gene circuits (see inset); (d) Self-regulation of gt
split along Hb–gt regulation. Activation (→) is purple, inhibition (⊣) is orange. The peak
of the purple distribution extends to 17 gene circuits; (e) Regulation of hb by Kr split along
Hb–gt regulation, similar to panel d.
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half (14/29) of the interactions show full consensus, while 10/29 show a
clear trend towards activation or inhibition. In previous work, the genetic interactions were grouped in ﬁve mechanisms [61, 12, 30]. Focussing on the consensus interactions, we immediately observed the
two major mechanisms: alternating cushions and maternal activation.
The former is comprised of two pairs of strongly repressing gap genes,
namely hb/kni and gt/Kr, while the latter requires that Bcd and Cad activate the gap genes. We see that Bcd is essential for hb activation, while
Cad is crucial for gt and kni. Kr is thought to be mainly under control
of Bcd [59] and we ﬁnd that with two exceptions it is the case. Experiments, however, show Kr expression in embryos without Bcd, which
may be explained by a redundant role for Cad [59]. Indeed we have consensus for activation by Cad (Figure 4.5(a)).
The third mechanism is the shifting of posterior gap gene domains in
an anterior direction, i.e., towards the head region. These shifts require
an asymmetric regulation between neighbouring expression domains,
which are only partially observed here, namely for Kr/kni. In Drosophila,
the hb/Kr boundary is an exception as it does not display anterior shifts.
Instead, the two gap genes inhibit each other strongly and establish
a boundary with a ﬁxed position along the A–P axis. Indeed, we observed a consensus for mutual inhibition. The fourth mechanism is selfactivation of the gap genes, which is clear for gt and kni at this stage of
network inference. Finally, we observe that Tll represses Kr, gt and kni,
which ensures they are not expressed in the posterior terminal end.
We obtained a more detailed view by inspecting the distribution of
parameters for speciﬁc interactions. We focused on the regulation of
hb and gt by Hb, as scatter search predicts multiple, qualitatively different outcomes for these interactions. First, hb self-regulation tends
towards inhibition (compare Figure 4.5(a,b)). Yet the parameter distribution gives us the insight that only a small amount of inhibition is tolerated, while neutral behaviour and especially activation are accepted
for a wide range of values. Second, for the regulation of gt by Hb (Figure 4.5(c)), we noticed that the regulatory effect of Hb on gt was split
along either inhibition or activation. We asked if the two alternative regulatory effects on gt correlate with distinct sets of gene circuits. We
compared the set of gene circuits with Hb inhibiting gt to the circuits
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with Hb activating gt, and observed two major differences. First, and
most importantly, circuits with inhibition of gt show a wider range of values for several interactions. Examples are gt self regulation (Figure 4.5(d))
and Kr regulation of hb (Figure 4.5(e)). Second, inhibition of gt by Hb
correlates clearly with hb self-activation. Activation of gt by Hb, on
the other hand, is accompanied by hb self-inhibition (Figure 4.5(b), inset). Interestingly, the observed correlations between parameter distributions may be associated to canalizing properties of the gap gene network to position the anterior hb boundary at ∼50% A–P position [88, 48].
A dynamical systems analysis of this hb boundary showed a nonlinear
dependence on Bcd, gt, and Kr during the late blastoderm stage [48],
which may explain scatter search ﬁnding multiple regulatory solutions.
Yet a complementary explanation that cannot be ruled out, is that as hb
and gt expression domains appear at the edges of the modelled region,
additional regulatory factors could be missing [88].
We hesitate interpreting the more subtle differences between the
two sets of circuits. In this test case of the D. melanogaster gap gene
network, it is straightforward to link our observations to our knowledge
of the wildtype network structure. However, if a network is unknown,
interpreting subtle cues easily leads to errors where model artefacts
are taken to have a biological meaning. Nevertheless, there is a clear
potential for inspecting intermediate results and drawing conclusions
from them that may guide a next iteration of network inference.

4.2.3

Low Temperature Simulated Annealing Reﬁnes Good
Solutions into Excellent Ones

After exploring the gene circuits proposed by scatter search, in the second stage we set out to reﬁne them with the goal of obtaining solutions
that are as excellent as the ones generated by simulated annealing. As
the scatter search circuits perform well, we decided to take them as
starting points for optimization with low temperature simulated annealing. By skipping the initial moves of simulated annealing and beginning
with a relatively low temperature, we avoid the early randomizing behaviour of this search method. Instead, the algorithm is likely to make
only modest changes and is likely to preserve the structure of the net98
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Figure 4.6: Performance of simulated annealing (pLSA) and the two-stage approach.
(a) Total number of function evaluations per optimization scenario. The two-stage approaches shares the ﬁrst explorative stage by scatter search (blue bars), after which different starting temperatures were used for low temperature SA; (b) Number of function
evaluations per excellent gene circuit, deﬁned as a circuit with an RMS < 22.0. In both
panels, we replace 103 by the letter ‘k’ in scenario names. The two last columns (‘50k’
and ‘100k’) are labelled as “ﬁxed” to signal a constrained search space was used.

work. In effect, this mode of simulated annealing is focussed on a particular area of parameter space.
First we ﬁltered the 200 solutions by removing all with a cost >
2.5 × 105 . We continued with 143 remaining solutions. To assess the ef-

fect of different starting temperatures, we surveyed four scenarios with
a range from T = 10 to 100 × 103 (Figure 4.6). Moreover, for T = 50k
and 100k, we tested how simulated annealing performed under a restriction of its search space. For each consensus interaction as inferred in
the ﬁrst stage (Figure 4.5(a)) the range of allowed parameter values was
limited by the sign of the interaction. For instance, scatter search indicated that Kni represses hb, and therefore, we limited this interaction
to negative values only. After ﬁtting gene circuits, the results of nonﬁxed and ﬁxed low temperature SA were compared to each other and
to the standard use of pLSA by computational performance (number of
function evaluations) and quality of the inferred networks.
With respect to computational performance, we found that the starting temperature has a strong inﬂuence on the performance of simulated
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annealing. At ﬁrst sight the two-stage approach appeared more efﬁcient than pLSA (Figure 4.6(a)). With the exception of T = 100k (nonﬁxed), the two-stage approach required fewer function evaluations than
pLSA to generate a set of excellent gene circuits. That was anticipated,
as a lower starting temperature means that simulated annealing accepts
worse solutions with a lower probability than is the case for a normal optimization run with pLSA. Thus convergence is more rapid. As expected,
the restricted search space of ﬁxed scenarios reduced the number of
function evaluations in comparison to the corresponding non-ﬁxed scenarios. Yet, the reduction did not lead to an increase in efﬁciency of
ﬁnding excellent solutions (Figure 4.6(b)). We realized that restricting
search space excludes many of the 143 gene circuits as valid starting
points for SA, as they have one or more parameters in a forbidden area
of search space. This indicates that in the non-ﬁxed scenarios, low temperature SA still changed the topology of ‘bad’ networks and that this is
a beneﬁcial feature.
In general, compared to pLSA, the number of function evaluations
per excellent solution is equal or higher for the hybrid, two-stage approach (Figure 4.6(b)). That would argue against our two-stage approach.
However, if several iterations are needed either for the ﬁrst exploratory
stage or the later reﬁning one, the hybrid approach will be less computationally costly than doing several rounds of ‘full’ pLSA runs. Especially,
the scenario T = 50k (non-ﬁxed) will rival the performance of pLSA.
We continued by comparing the best solutions of both approaches.
We selected the 10 circuits with lowest RMS, and generated genetic interaction matrices (Figure 4.7(a,b)) and gene expression proﬁles (Figure 4.7(c,d)). We found that hybrid runs from intermediate temperatures
have the least number of defects (visual inspection, data not shown for
T = 25k). Most importantly, two-stage solutions are just as good as the
ones generated by pLSA, both in terms of interaction matrix and expression proﬁle.

4.3 Discussion
For network inference of spatiotemporal patterning, especially in ﬂies,
we traditionally used parallel Lam simulated annealing. It is a computa100
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Figure 4.7: Comparison of the best gene circuits resulting from low temperature Simulated Annealing (SA) and parallel Lam Simulated Annealing (pLSA). Panels (a,c) show
scenario T = 50 k, and (b,d) show pLSA. (a,b) Genetic interaction matrices. See Figure 4.5
and main text for details; (c,d) Gene expression proﬁles at four time points. Gene circuit expression is given by solid lines, data by dashed lines. The embryo’s trunk region
is shown, spanning 35%–87% A–P position. Time points are mitotic cycle C13 and time
classes of cycle C14A, T2/5/8.
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tionally costly method, but produces excellent results across different
species of ﬂies [61, 12, 31, 29, 30]. Here we reported on an alternative, hybrid approach consisting of two stages: ﬁrst we applied scatter search
to develop an initial understanding of the network, followed by low temperature SA to reﬁne good solutions into excellent ones. The alternative
approach delivered equally good results in terms of genetic interactions
and gene expression proﬁles. However, the total cost of both stages of
network inference is slightly higher than for pLSA. Thus we recommend
the alternative approach if repeated rounds of exploration of parameter
space and tweaking of the algorithms are necessary.
Considering only few developmental gene regulatory networks are
understood in-depth, most (future) applications of network inference
will involve inferring an unknown network. In such cases, a 5 to 10 iterations are usually needed to tweak the algorithm, test alternatives,
and get excellent solutions. Here the advantage of an initial exploration
with scatter search is clear: the intermediate information that one can
extract from good solutions is valuable and can be used to guide—or reduce the number of—subsequent iterations of network inference.
We point out that interpreting intermediate solutions has to be done
with caution, as some of the ﬁndings may be misleading. Our test case
of the gap gene network showed that scatter search generated at least
two alternative network structures. While we know that one of them is
unsupported by current experimental evidence, for an unknown network
this information may not be available. From a more general perspective,
it shows where the optimization algorithms struggles to ﬁnd a unique
solution. That may not be a satisfying result at ﬁrst sight, yet it indicates
a lack of knowledge and suggests speciﬁc experiments to improve our
understanding of the system.
For a hybrid approach, the combination of scatter search and low
temperature simulated annealing is not the only viable option. As was
suggested in [62], (parallel) genetic algorithms are known to be good
exploratory search methods as well. Moreover, with respect to our implementation of scatter search, recently a more advanced version of
scatter search has become available, called saCeSS (self-adaptive cooperative enhanced scatter search) [107]. It uses multiple instances of
scatter search set at different levels of exploration and exploitation, mul102
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tiple local search methods, and utilizes the small-scale parallelism of
current-day workstations. One expects saCeSS to perform better than
our version of scatter search. In this sense, we have presented a worstcase performance scenario in this work. Also parallel LSA is still being
improved. An asynchronous version has been released and it will be interesting to check its performance in the context of network inference
[86].
Summarizing, for the inference of unknown networks scatter search
is a valuable exploratory tool. It has light computational demands and
delivers good solutions from which relevant information can be extracted.
In a two-stage setting with simulated annealing, we expect it to be particularly effective in reducing the computational cost of network inference.
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In this thesis we have reviewed several techniques for enabling a
computational approach towards understanding and modeling gene regulatory networks of N. vectensis. We started by tackling the challenging
and labor-intensive task of acquiring quantiﬁed data from low-quality in
situ images of the embryo. We have introduced a new adaptive algorithm to extract spatial expression of genes from in situ images of the
embryo — in different developmental stages and — originating from different labs with different types of equipment and experimental protocols. We hope that our algorithm facilitates the laborious task of acquiring quantitative gene expression data from the embryo of N. vectensis.
Moreover, In Chapter 3 we focused on the analysis of spatiotemporal gene expressions of Nematostella where we demonstrated the advantages of our methods and analysis. We showed that given the spatial and temporal gene expression datasets, we could extract the speciﬁc type of data encoded into each dataset individually. Analysis of
temporal gene expression data could potentially reveal hidden temporal events in the course of development, which can be hard to identify
from experiments only. Additionally, with the analysis of spatial data we
were able to reveal important regions in the embryo with possibly different functional properties. Finally, our multi-layered cluster analysis can
produce testable hypotheses about possible gene interactions, reveal
non-trivial behaviors of a gene, and predict GRNs controlling certain developmental processes as discussed in Section 3.2.3. We demonstrate
that the merged clusters can be used to identify GRN interactions involved in various processes and to predict possible activators or repressors of any gene in the dataset. We validated our methods and results by
predicting the repressor effect of NvErg on NvBra in the central domain
during the gastrulation that has recently been conﬁrmed by functional
analysis [8].
We expect that our collective attempts to create a pipeline for extracting and processing the gene expression data, both in space and
time, will provide a valuable tool to researchers who are interested in applying computational methods to study GRNs of Nematostella and other
organisms. Moreover, we think that while our adaptive data acquisition
technique — introduced in Chapter 2 — provides more spatial data, our
data processing, and spatiotemporal clustering technique — introduced
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in Chapter 3 — provide more accurate predictions; consequently, accelerating the process of ﬁnding exact genes for each process.
Considering the computationally intensive task of reverse engineering spatiotemporal gene regulatory networks and the extensive number
of genes involved in Nematostella’s patterning, we have explored the
applicability of a fast optimization algorithm. We have shown that the
Scatter Search algorithm could be used as an excellent exploratory algorithm. We have used the gap gene network of D. melanogaster as a
benchmark for reverse engineering problem where we have shown that
Scatter Search provides good results while using a relatively short computation time. We believe that our ﬁndings could provide a new and fast
alternative for reverse engineering the spatiotemporal gene regulatory
networks, especially in organisms where an extensive number of genes
and GRNs need to tested, e.g., Nematostella vectensis.
Finally, our collection of tools and methods can be a step forward
toward reverse engineering spatiotemporal gene regulatory network of
Nematostella vectensis involved in the axis patterning and gastrulation.
Accordingly, we hope that our approach accelerates the process of studying and modeling the complete gastrulation both in vivo and in silico as
we proposed in Section 1.2.5.
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