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Zusammenfassung

1. Zusammenfassung
In den letzten Jahren hat sich das Interesse an neuen Alternativ-Methoden für die NeuroEntwicklungstoxizitäts(NET)-Testung stark gesteigert und immer mehr Tests wurden
entwickelt. Zudem wurde dieser Bereich auch vermehrt durch die Regierung bzw. durch
europäische Mittel gefördert. Die UKN1 Test-Methode wurde bereits vor 10 Jahren entwickelt
und 2013 erstmals als solche beschrieben. Durch die Differenzierung von humanen
embryonalen Stammzellen bzw. induzierten pluripotenten Stammzellen zu neuroektodermalen
Vorläuferzellen (NEV) wird die frühe Neuroentwicklung in vitro nachgestellt. Der
Entwicklungsstatus entspricht der Neuralplatte bzw dem frühen Neuralrohr in vivo. Als
Endpunkt wird die Veränderung der Genexpression analysiert. Hierzu werden entweder
Expressionsunterschiede im ganzen Transkriptom (basierend auf Mikroarrays) gemessen
oder es werden nur wenige Markergene (PAX6, OTX2, NANOG, OCT4) durch eine qPCR
Messung erfasst. Die UKN1 Testmethode diente auch dazu, Mechanismen der Entwicklung
zu

erforschen

wie

z.B.

epigentische

Prozesse.

Außerdem

trug

sie

dazu

bei,

Rahmenbedingungen für NET-Testungen zu untersuchen und zu definieren wie z.B. zur
Konzentrationsfindung und um plausible Behandlungsmuster und Zeitfenster festzulegen.
Zusätzliche wurde die Testmethode verwendet um Pilotstudien bezüglich der Verwendung von
Transkriptomdaten als NEP-Messung durchzuführen.
Diese Arbeit beschäftigt sich mit der Verbesserungen und Weiterentwicklung der UKN1 Test
Methode selbst. Das erste Teilprojekt dieser Arbeit untersucht die Auswirkungen von akut
toxischen Substanzkonzentrationen auf die Genexpression, um die Konzentrationsabhängigkeit von Transkriptomregulation zu identifizieren und um zwischen einem
zytotoxischen Effekt und einem entwicklungstoxischen Effekt zu unterscheiden. So wurde eine
wichtige Basis geschaffen, um NET-Substanzen eindeutig zu definieren. Durch die Erfassung
von Genmarkern als Signatur für Zytotoxizität konnten Regeln definiert werden, um zu hohe
Substanzkonzentrationen automatisch auszusortieren.
Im zweiten Teil des Projektes wurden die NEV zu einem Stadium weiter differenziert, in dem
die Zellen beginnen, sich zu neuralen Rosetten zu formieren, welche das in vitro Äquivalent
zum Neuralrohr darstellen. Rosettenformation wurde als neuer Endpunkt etabliert, welcher nun
ermöglicht die Genexpression an einen Endophänotyp zu koppeln und die Relevanz der
Genveränderungen

zu

beurteilen.

Darauf

basierend

wurde

ein

zuverlässiges

Vorhersagemodell erstellt. Außerdem konnte so das genaue Zeitfenster bestimmt werden, in
dem ein Histondeacetylase-Inhibitor (Trichostatin A) entwicklungstoxisch auf das System wirkt,
während er zu anderen Zeitpunkten keinen Einfluss auf die differenzierenden Zellen ausübt.
Im dritten Teilprojekt wurde ein Computermodell generiert, das die Auswirkung von
9
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verschiedenen Valproinsäurekonzentrationen auf die Expression einzelner Gene zu
verschiedenen

Zeitpunkten

der

Differenzierung

vorhersagt.

Hierfür

wurden

Gen-

expressiondaten einer ungestörten Differenzierung über die Zeit und Daten von Zellen, die mit
verschiedenen Valproinsäure(VPA)-Konzentrationen behandelt wurden, verwendet. Das
Computermodell lieferte Informationen über Signalwege, die durch VPA an nicht gemessenen,
intermediären Zeitpunkten aktiviert wurden. In einem Interventionsexperiment wurde gezeigt,
dass durch das Blockieren eines solchen Signalweges (WNT) die Rosettenbildung wieder
stattfinden konnte, die zuvor von VPA gestört wurde.
Die drei Teilprojekte dieser Arbeit bilden eine neue wissenschaftliche Basis für den UKN1
assay, die in Zukunft vorraussichtlich eine breitere Anwendung im industriellen wie auch im
regulatorischen Bereich ermöglicht.
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2. Abstract
The high need for appropriate in vitro tests for regulatory and industrial purposes as well as
the focused governmental and EU support leads to a constant increase in assays addressing
developmental neurotoxicity (DNT). The UKN1 assay is such a test method that has been set
up already 10 years ago. By using human embryonic stem cells/induced pluripotent stem cells
differentiating towards neuroectodermal precursor cells (NEP), the early neurodevelopment is
modeled in vitro. The NEP state corresponds to the neural plate or the early neural tube in
vivo. The readout for disturbances in the differentiation is based on the measurement of gene
expression of several marker genes (PAX6, OTX2, NANOG, OCT4), it has also been assessed
by transcriptome analysis using oligonucleotide microarrays. The UKN1 test has served to
study processes of neurodevelopment such as epigenetic mechanisms. Moreover, the test
method was used to develop framework conditions for setting up DNT methods in general, for
example, strategies have been developed for compound concentration range finding and for
quantifying transcriptomics datasets as a DNT endpoint. Especially, for the setup of transcriptome conditions for DNT testing, the UKN1-based studies have pioneered the field.
In this thesis project the UKN1 assay was further developed. Firstly, the effect of acutely toxic
compound concentrations on the transcriptome have been investigated. The aim was to understand the mechanisms of transcriptomic regulation in a developing system in unperturbed
and perturbed development. Additionally, it aimed to distinguish between an acute and a developmental effect. Since the test should only identify specific DNT compounds, this represents
an important basis. By using genetic markers as a toxicological fingerprint for acute cytotoxicity, rules were established to exclude compounds tested in the cytotoxic range.
In the second part of the project, the NEPs were further differentiated until the cells formed
neural rosettes. These represent the in vitro equivalent of the in vivo neural tube. The rosette
formation was established as a new endpoint for the UKN1 assay. The new phenotypic readout
provides a robust tool to anchor transcriptomics changes to an endophenotype and to investigate the relevance of transcriptome changes at early neurodevelopmental stages. A reliable
prediction model was setup based on the acquired information. Moreover, this approach
served to define a narrow time window of toxicity of a HDAC inhibitor (trichostatin A). HDAC
inhibitors are used as anticonvulsants and can induce congenital malformations such as spina
bifida in the developing embryo.
In the third part of the project, a computational model was developed to predict the influence
of different valproic acid (VPA) concentrations on the expression of single genes at every time
point during differentiation. The model was based on experimental datasets over time and on
data from cells exposed to various VPA concentrations. The computational model delivered
11
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information (predicted) about the pathways that were activated by VPA at intermediate (not
measured) time points. The VPA-induced disturbance of rosette formation (endophenotype)
was successfully rescued by blocking the wnt pathway. The three parts of this work have together provided a new scientific basis for the UKN1 assay and they are expected to lead to a
broader application for regulatory and for industrial purposes.
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3. General Introduction
The embryonic development and especially neurodevelopment involves highly complex processes that are regulated time and region dependent. It is obvious that developmental processes are extremely vulnerable to any interfering factors from the environment. In animal
models, it is possible, in principle, to study late and very pronounced effects of such interfering
compounds. However, pathways that lead to an adverse outcome remain not fully characterized which makes it impossible to allow a proper risk calculation. This and many other arguments underline the high need for rigorously validated, reliable DNT in vitro tests. This thesis
will deal with the promises but also the shortcomings of such a test.

3.1.

Embryonic development in vivo

3.1.1. From fertilization to germ layer formation
Development (embryonic day 0) starts with the fertilization of the oocyte by the sperm. The
fertilized oocyte develops into the zygote, which makes its way through the oviduct. During this
time the first cell division (cleavage) takes place. The zygote divides symmetrically twice, until
the four-cell stage, in which the cells are still totipotent and could give rise to an embryo individually (Gilbert et al. 2006; Wolpert 2007). Then the first asymmetrical cell cleavage takes
place, which is the beginning of the specialization of cells. After the 4th cleavage, in 16 cellstage, the morula starts to form, the cells become smaller and are tightly connected by gap
junctions. The cells organize to a first tissue; a layer of external cells gain polarity and surround
the inner apolar cells, now called the inner cell mass. The outer cell layer represents the
throphectoderm, which will give rise to the embryonic part of the placenta, the chorion. The
inner cell mass will give rise to the embryo and the yolk sac, allantois, and amnion. Beginning
from the 64-cell stage, the outer trophoblast cells secrete a fluid that leads to the formation of
a cavity and the re-organization of the inner cell mass. This results in the formation of the
blastocyst at the end of the first embryonic week. At this stage, the embryo reaches the uterus
and begins to adhere to the uterus wall. During this time the inner cell mass begins to further
differentiate into hypoblast and epiblast (Gilbert et al. 2006; Wolpert 2007).
The gastrulation- the folding and invagination of the blastula- starts in the third week after
fertilization (embryonic day 12-14). This process results in the formation of endoderm, mesoderm, and ectoderm, which are the three germ layers of the embryo. These three tissues will
give rise to all the cells of the body. From the mesoderm mainly muscles, bones, and blood
cells will originate. The endoderm will give rise to many organs such as the respiratory tract,
13
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digestive tract, glands, but also the notochord. The ectoderm will develop into the surface ectoderm (epidermis), the nervous system, and the neural crest (Gilbert et al. 2006; Wolpert
2007). At the end of embryonic development, one fertilized oocyte will have given rise to more
than 200 different cell types organized in many tissues and organs. To orchestrate this highly
complex and fast diversification, the development of each cell has to be tightly controlled and
guided specifically. Therefore, a highly complex spatio-temporal regulation and organization is
required (Groves and LaBonne 2014).

3.1.2. Neurulation in brief
Neurodevelopment describes a highly complex process, which summarizes all critical events
that have to take place to result in a fully developed central nervous system (brain and neural
tube), and peripheral nervous system. This includes proliferation, differentiation, migration,
pathfinding, patterning, apoptosis, synaptogenesis, neurite outgrowth, and myelination.
Immediately after generation of the three germ layers, the first step in neurodevelopment- the
neurulation- follows in the third week after gestation (Groves and LaBonne 2014). The neural
tube formation looks rather simple and straight forward from the outside. However, numerous
pathways and processes guide the single steps. The ectoderm germ layer is organized as an
epithelium. It will give rise to the surface ectoderm, the neural crest that differentiates to numerous different cell types and the whole central nervous system. As a first step, the early
neuroectoderm (neural plate), an area in the ectoderm, begins to thicken. The thickening is
induced by factors secreted by the notochord, which lays ventrally to the neuroectoderm. The
neural plate bends into the neural fold until the dorsolateral hinge points (DLHP) meet and fuse
to finally close the neural tube (Figure 1) (Eom et al. 2012). The closure is discontinuous and
the initiation occurs at two regions in the developing human embryo: the hindbrain/cervical
boundary and the rostral end of the forebrain (O'Rahilly and Muller 2002). From these regions,
the tube closes zipper-like along the spine in both directions rostral and caudal (Greene and
Copp 2009). Initiation starts on day 18 after fertilization and the spinal cord closure is completed at around day 35 postfertilization. Neurulation strongly varies among species. For example in rodents, the neurulation is initiated at three different regions, in Xenopus closure
happens almost simultaneously along the body axis. Moreover, the key processes, important
for neural tube formation exhibit clear inter-species differences (Copp and Greene 2010).
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Figure 1 Folding of the neural tube (Adapted from (Gammill and Bronner-Fraser 2003)). (A) Neural plate
begins to thicken, before convergent extension is induced. (B) The neural groove forms by bending at the median
hinge points (the middle area of the neural plate) until the (C) dorsolateral hinge points at the neural plate border
region meet and begin to fuse. (D) Neural crest cell delamination starts already during fusion but also at later time
points.

3.1.3. Mechanisms and signaling of neural tube folding
Signaling: Induction of all key signaling cascades relies on external morphogen gradients,
which are provided by the surrounding tissues (Groves and LaBonne 2014). The key signaling
molecules involved in organization of neurulation are Sonic hedgehog (Shh), Fibroblast growth
factors (FGF), Wnts (wingless/Int1), bone morphogenetic proteins (BMPs) and BMP inhibitors
(eg noggin), released by the organizer regions. At the neural plate stage, a wnt gradient (antero-porsterior) and BMP gradient (mediolateral) exist already. Dorsal-ventral patterning is
achieved on one side by BMP gradient, which is secreted by the non-neural ectoderm. On the
other side, the Shh gradient is present that is released by the notochord ventrally of the neural
plate. Additionally, the notochord secretes BMP antagonists (noggin, follistatin, chordin). At the
boundary between mid and hindbrain FGF8 is expressed. The signaling molecules control the
expression of all the downstream transcription factors and thereby drive the cell differentiation,
regulate the key processes, all the mechanisms required for neural tube formation, and determine the cell fate. The differentiation and diversification of cells are determined by the compositions and the concentration gradients of the various morphogens (Groves and LaBonne
2014; Nikolopoulou et al. 2017).
15
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Convergent extension: Before the neuroectoderm develops into the neural tube and the
hinge points are enabled to meet and fuse, several tightly regulated processes have to take
place to enable proper neural tube formation. The first key step is the convergent extension:
the tissue narrows along its mediolateral axis and elongates along its anteroposterior/rostrocaudal axis. The convergent extension takes place in the neuroectoderm as well as in the
underlying mesoderm tissue. The whole process is driven by the planar cell polarity signaling
(PCP), which is dependent on the non-canonical wnt signaling. This pathway shows the highest correlations in terms of neural tube defects since many different genes (or rather gene
alterations, e.g. in the PCP complex) have been proven to be associated with failure in neural
tube closure. For details see chapter 3.2.1. (Ciruna et al. 2006; Nikolopoulou et al. 2017; Tawk
et al. 2007).
Bending: Sonic hedgehog that is secreted by the notochord, which lays on the ventral side of
the neuroectoderm, induces the formation of the median hinge point (MHP) on the neuroepithelial (Smith and Schoenwolf 1989). On the other hand it inhibits the DLHP (Figure 2. 5).
TGFβ/BMP signaling is repressed by noggin at the MHP, which leads to the stabilization of
apical junctions (Amarnath and Agarwala 2017; Eom et al. 2012).The MHP defines the neural
plate center and, in this area, the tissue begins to bend to bring closer the future DLHP. Among
other mechanisms, PCP signaling plays still a major role during this process and links the
convergent extension and the bending. A PCP-regulating cadherin (Celsr1), is concentrated in
adherents junctions located on the apical part of the cells. Celsr1 cooperates with a protein
complex and thereby upregulates Rho kinase. This causes an actomyosin-dependent contraction in a planar-polarized manner (Figure 2. 7) (Escuin et al. 2015). The resulting apical constriction leads to the bending of the neural plate and formation of the neural groove (Nishimura
et al. 2012).
Another important mechanism of convergence is the interkinetic nuclear migration leading to
a wedge-shaping of cells at the MHP. The cells of this region are mainly in S-phase and that
determines the nuclei position to the basal part of the cell (Figure 2. 4) (McShane et al. 2015).
During the process of bending, already the first wave of neural crest cells, the sacral neural
crest cells delaminate from the neuroectoderm. This process is also thought to have an influence on the bending of the epithelium (Copp 2005). Besides the aforementioned morphogen
gradients, many factors of the extracellular matrix such as proteoglycans, laminin, fibronectin
as well as proteases have been shown to contribute to neural tube closure (Figure 2. 8)
(Nikolopoulou et al. 2017).

Fusion and zipping: After the neural plate invagination, the dorsolateral hinge points (DLHP)
need to meet and to fuse and the non-neuronal ectoderm (NNE) tissue needs to separate
16
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(Copp et al. 2003). The DLHP formation is regulated by antagonistic interactions between
BMP, Shh, and noggin signaling (Figure 2. 4). Since the cells of the DLHPs are already localized next to each other, caused by the processes of bending, the cells have to recognize each
other and to make cell-cell contacts. This process is facilitated by cellular protrusions, which
are dynamic actin-rich filopodia and lamellipodia (Figure 2. 2). The protrusions are formed by
the cells of the NNE as well as by the NE. Which cells make the first contacts differs among
species and is even dependent on the axial level (Geelen and Langman 1977; Geelen and
Langman 1979). Finally, at the boundary apoptosis occurs to ensure the separation of the two
newly formed tissues (Yamaguchi et al. 2011).

Secondary neurulation: The process of fusion and zipping describes the first neurulation.
However, another process- the secondary neurulation- results in neural tube formation in the
lower sacral region. Unlike the first neurulation, the second neurulation leads to epithelialization and neural tube formation without the formation of the neural fold. Tail-bud cells start to
condense into a rosette-like appearing structure, a primitive neural tube that strongly reminds
of in vitro neural rosettes. This structure represents the medullary cord, which further develops
into an epithelium surrounding a lumen, the secondary neural tube (Copp et al. 2015).
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Figure 2: Key processes guiding neural tube formation (adapted from (Nikolopoulou et al. 2017)). (1) Key
transcription factors regulate cell-cell contacts. (2) Protrusion make the first cell-cell contacts during fusion mediated
by the non-neuronal ectoderm as well as the neural plate border. (3) membrane-bound proteases in the non-neuronal ectoderm. (4) Interkinetic nuclear migration (IKNM) lead to wedge shaped cells actively contributing to the
bending process. (5) Dorsolateral hinge point (DLHP) formation is regulated by BMP, noggin, Shh signaling. (6)
Noggin inhibits BMP signaling (smad inhibition). (7) Myosin contraction leads to bending at the mediolateral hinge
point (MLHP). (8) ROCK dependent actomyosin turnover is required to keep dynamics.

3.1.3 Neural border formation and delamination of the Neural crest
During neurulation and later in development neural crest cells (NCC) develop from the neural
plate border, the region where the tube fuses (see Figure 1, D). NCC delaminate in distinct
waves during neural tube formation as well as at later time points. The delamination underlies
tightly regulated signaling pathways to ensure cell survival after losing cell-cell contacts as well
18
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as correct pathfinding. Neural crest cells can differentiate into most subtypes of peripheral
neurons and all types of glial cells of the peripheral nervous system. Furthermore, they can
give rise to various cell types: pigment cells, major parts of the craniofacial cartilage and bone,
endocrine cells, cardiac tissues, smooth muscle cells and tendon (Dupin et al. 2006; Grenier
et al. 2009; Hall 2008; Kirby and Hutson 2010; Le Douarin and Kalcheim 1999; Minoux and
Rijli 2010). To delaminate from the neuro-epithelial cells have to undergo a partial or complete
epithelium-to-mesenchymal transition (EMT) (Ahlstrom and Erickson 2009). This process is
triggered by the surrounding tissue secreting factors such as bone morphogenic protein
(BMPs), fibroblast growth factor (FGFs), and Wnts (Sauka-Spengler and Bronner-Fraser
2008). Induction of the neural border transcription factors leads to the further expression of
neural crest transcription factors like SNAIL/SLUG, TFAP2, FOXD3, TWIST, CMYC, and
SOX9/10 (Sauka-Spengler and Bronner-Fraser 2008). Many intracellular changes are required
such as reorganization and the rearrangement of the cytoskeleton, the membrane compartments, and the extracellular matrix (ECM). Furthermore, and most importantly, the cells have
to lose cell-contacts, detach from the epithelial and survive (Le Douarin and Kalcheim 1999).
Cadherins are one of the key players during EMT and migration: Type I Cadherins which are
characteristic for epithelial cells are down-regulated while Type II Cadherins are up-regulated.
This change allows the cells to migrate (Chu et al. 2006). Another main feature of epithelial
cells is the apico-basal orientation in the cell layer, which is also lost in the EMT by downregulation of occludin and claudin, the two major components of tight junctions (Newgreen and
Gibbins 1982; Newgreen et al. 1982). Moreover, in order to delaminate and migrate, also the
extra-cellular matrix (ECM) has to be removed (Perris and Perissinotto 2000). After neurulation
and delamination, NCCs begin to sort into migratory streams, which involve highly dynamic
processes (Le Douarin and Kalcheim 1999; Roffers-Agarwal and Gammill 2009). Migratory
cells then possess a flattened, stretched morphology with filopodia and lamellipodia
(Newgreen and Gibbins 1982; Savagner 2001).

3.2.

Embryonic development modeled in vitro

3.2.1. Pluripotent stem cells
Pluripotent stem cells (PSC) have become an important tool in research since they bear an
enormous potential to model and understand the early steps of embryonic development. Moreover, especially in regenerative medicine, stem cell-based therapy proves to be a promising
approach, e.g. (Fattahi et al. 2016; Zhang et al. 2001). Embryonic stem cells (ESC) are derived
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from the inner cell mass of the blastocyst of a developing embryo (Thomson et al. 1998). Human embryonic stem cells (hESC) are obtained for example from blastocysts that were fertilized but not used for in vitro fertilization. The cells bear an indefinite proliferation potential in
vitro and once they are cultured, they provide an unlimited source for embryonic stem cells.
Moreover, they keep their in vivo potential to (theoretically) differentiate into any cell type of
the body (Amit et al. 2000). However, as described in chapter 3.1 “early embryonic development” they cannot give rise to a whole embryo since they are not totipotent as the zygote. They
lack the capacity to give rise to extraembryonic tissues which are derived by the outer cell
mass (De Los Angeles et al. 2015).
A major change in this young field was made by the discovery that somatic cells can be reprogrammed to induced pluripotent stem cells (iPS), showing basically the same features as ESC.
This technique is based on the overexpression of few crucial transcription factors (OCT4,
SOX2, KLF4 and c-myc) (Takahashi and Yamanaka 2006). The crucial transcription factor set
could even be reduced to three factors: OCT4, SOX2 and NANOG.
This technology opened up new possibilities such as the generation of patient-specific iPSCs
and their differentiation towards clinically relevant cell types (e.g. cardiomyocytes (Chow et al.
2013), hematopoietic cells (Kaufman et al. 2001) or neurons (Fattahi et al. 2016; Lee et al.
2007). In the field of developmental toxicity testing, iPSCs could be used to replace hESC
since ethical regulations prohibited the use of hESC in toxicity testing. However, the research
field was also skeptic about the reprogramming process and asked whether this reprogramming step might proceed incompletely especially regarding the epigenetic landscape. Epigenetics patterns have already been shown to be inherited to future generations besides the DNA
code itself (Yu et al. 2018). These concerns were addressed by numerous studies comparing
hESC and iPSC lines, which lead to the result that no significant difference between the group
of hESC and iPSC existed (Choi et al. 2015). Still, since every PS cell line behaves specifically
and often shows a preferential differentiation track, stem cell culture maintenance and differentiation protocols may have to be adjusted to each distinct cell line respectively.

3.2.2. Rosettes - the in vitro counterpart of neural tube formation
Pluripotent stem cells (hESC as well as iPSC) have been used to generate neuroectodermal
progenitor (NEP) cells that are prone to further develop into functional neurons such as dopaminergic neurons. This differentiation is guided by the small molecules noggin, SB431524
(Chambers et al. 2009) (and dorsomorphin) (Balmer et al. 2012) inhibiting BMP and TGFbeta
signaling.
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BMP (inhibitors are noggin, chordin, and receptor-dorsomorphin) and TGFβ (receptor inhibitor
is blocked by SB431524) signaling lead to the induction of smad by phosphorylation of
smad1/5/8. P-smad and smad4 form complexes and are translocated into the nucleus where
they induce the transcription of target genes (also see Figure 2. 6). Inhibition of this pathway
prevents endoderm and non-neuronal ectoderm formation and cells differentiate towards the
neuroectoderm (Figure 3, early NEPs). If NEPs are allowed to further differentiate and organize
in cell complexes, the cells change morphology and begin to form flower-like structures the socalled neural rosettes (Chambers et al. 2011).
Other differentiation protocols make use of embryoid body cultures in which cells are pre differentiated and, at the later stage, they are plated to form neural rosette structures (Elkabetz
et al. 2008) (Figure 3, R-NSC). Morphology of neural rosettes strongly recapitulates early in
vitro neural tube and the rosettes share its key features. Depending on the age of the neural
rosettes, they consist of one or more cell layers and the cells surrounding an inner lumen are
tightly connected via tight junctions mainly composed of zonula occludens I (ZO1) and N-cadherin. This suggests an apicobasal polarity of the cells with the apical part facing the central
lumen (Conti and Cattaneo 2010; Elkabetz et al. 2008). The nuclei of the cells migrate periodically during the cell cycle from apical to basal (and back) by interkinetic nuclear migration
facilitating the cells to divide asymmetrically at the outer side of the rosette. (Nasu et al. 2012).
Neural rosettes forming NEPs can be maintained in high cell densities (cell to cell notch signaling) with Shh and FGF8 conditioned medium (Fasano et al. 2009) or can further differentiate
into regional specific neurons of the nervous system. For example, application of ventralizing
factors such as Shh and FGF8 lead to dopaminergic neurons and motor neuron formation
(Colleoni et al. 2011; Lee et al. 2007), while application of growth factors such as FGF2 leads
to the release of neural crest cells (Mica et al. 2013). Neural crest cells can then be further
differentiated into e.g. sensory neurons (Hoelting et al. 2016), melanocytes or cartilage. Markers that have been shown to be specific for neural rosettes or neural rosette-forming neural
stem cells/NEPs are FORSE1, ZIC1, DACH1, PLAGL1, PLZF, SOX2, NESTIN, PAX6
(Elkabetz et al. 2008). Depending on the axial level, also MSX1 and EMX2, LIX1 and LMO1
serve as marker genes for Rosette forming cells (Delli Carri et al. 2013; Koch et al. 2009).
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Figure 3: Generation of different cell types of neuro development in vitro and their in vivo counterpart
(adopted from (Conti and Cattaneo 2010): Schematic overview of the cell types for which distinct differentiation
protocols are available and which stages of in vivo development they mimic. For this thesis a differentiation protocol
based on the NEP differentiation developed (Chambers et al. 2009) was adapted and the cells were further differentiated towards neural rosettes similar to the R-NSCs as published by (Elkabetz et al. 2008).

3.2.3. Tissue specific markers to determine regional specification
Marker genes are important genetic tools to identify certain tissues or cell types. However,
presumably no gene is exclusively expressed in only one distinct cell line or tissue. For example, NANOG is one of the most important stem cell markers; however, it is known to also play
a role in cardiac development (Kuegler et al. 2010). Therefore, it is important to use several
markers to identify and characterize cells. By using gene expression profiles, a unique fingerprint or transcriptome patterns to determine cell type/state for categorization and spatiaslization, can be obtained Kuegler et al. 2010 provide in their review a hand-selected marker set
(for murine cells) that allows to characterize cells according to their cell type (stem cells, NEP,
astrocytes, non-neuronal germ layer) as well as to gain information about their localization in
the developing brain/spinal region (Figure 4).
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Figure 4: Summary of marker genes of regional specialization in the developing brain and spine (adopted
by (Kuegler et al. 2010).

3.3.

Neural tube defects:

During the last century, infant mortality decreased dramatically because of better medical supply for prenatal and neonatal care. Hence, neural tube defects (NTD) among others have therefore become a significant percentage for life-threatening medical conditions in newborns (Copp
and Greene 2010). Neural tube defects describe the condition where neural tube closure fails
and yields in neural tissue that is exposed to the environment (the amniotic fluid). The incomplete closure and the resulting environmental exposure can lead to prenatal neurodegeneration. The severity of the defect mainly depends on the level of the body axis that is affected.
Since the closure is occurring discontinuous from day 18 to day 35, the effect is highly dependent on the timing, and especially during the 2-3 weeks of neurulation, the developing nervous
system is extremely vulnerable. The consequences of NTD range from lethal defects in the
brain, as a result of incomplete closure in the cranial region (e.g. Microcephaly, Exencephaly
or Anencephaly) to spina bifida in various severity grades (Copp and Greene 2010) (Figure 5).
In children with spina bifida parts of the spinal cord remain completely open or are only covered
by skin. In the tail bud region often the mesodermal region does not separate from the spine
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completely. This results in lesions with attached lipomas (Finn and Walker 2007). The latter
case might not be lethal, however, such cases often require postnatal or even in utero surgery
and usually lead to a lack in sensation below the lesion and other functional impairments (e.g.
incontinence or inability to walk) (Copp and Greene 2010; Johnson et al. 2006; Sutton et al.
2001). Furthermore, the lesion may block the flow of cerebrospinal fluid, which results in an
enhanced pressure on the brain and as a final consequence in the formation of hydrocephalus
(Malcoe et al. 1999).
Pregnant women are strongly advised to take in folate, especially before pregnancy and during
the first weeks of pregnancy since several studies clearly showed that folate deficiency leads
to an enhanced (reoccurrence) risk for NTD (Hibbard 1964; Laurence 1981). The exact mechanism is not fully understood, however, studies have linked folate one-carbon metabolism for
which folate serves as a mediator of one carbon transfer for several biosynthetic processes to
its mode of action (Beaudin and Stover 2009). However, in mice low folate supply does not
lead to NTD unless combined with another risk factor and also folate nutrition succeeds to
prevent only a proportion of NTD (Copp and Greene 2010).

Figure 5: Spatial timing of neural tube closure and their disturbance leading to NTD adopted from (Greene
and Copp 2014). Based on the time when the neural tube does not close completely, different congenital malformation manifest in the developing embryo.
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3.3.1. NTD induced by genetic defects
Many studies have shown that neural tube defects in humans are multifactorial implying that
one single factor is not sufficient to induce the disease. However, combinations of certain risk
factors such as genetic causes, bad nutrition (such as lack in folate, vitamin B12 or inositol
supply), environmental factors and maternal diseases such as diabetes mellitus, maternal obesity (glycemic dysregulation) but also hyperthermia can lead to failure of neural tube closure
(Harris and Juriloff 2007). Recurrence risk for siblings is 2-5%, which means that it is about 50
fold higher than in the general population (Wyszynski 2006). Epidemiologic cohort studies suggested about 80 candidate genes that potentially increase the risk for NTD (Pangilinan et al.
2012). The most significant (1.8% increased risk) candidates were two polymorphisms in the
homocysteine re-methylation gene MTHFR (Boyles et al. 2005).
Experimental data have been generated in mouse models which resulted in more than 300
genes found to be associated with NTD (Harris and Juriloff 2007; Wilde et al. 2014). VANGL2
(in homozygotes), one of the key players of the non-canonical wnt pathway was identified to
cause craniorachischisis. This is a severe consequence of failure of in the first closure site
(Figure 5, a) that results in open midbrain, hindbrain, and the entire spinal cord. (Kibar et al.
2011; Murdoch and Copp 2010). Moreover, other key players of the PCP have been shown to
play a role in the manifestation of NTD (e.g. CELSR1, FZD3 (Harris and Juriloff 2007)). But
also knock out of other proteins e.g. related to the extra-cellular matrix (such as laminins, proteoglycans, fibronectin, proteases) or to transcription factors such as in PAX3 have been
shown to result in NTD in combination with folate deficiency (Burren et al. 2008).
Loss of function of any key player in neural tube formation leads to a failure in the closure or
at least to an increased risk of NTD. Thus knock out experiments of distinct proteins (in mice,
chicken, Xenopus and rats) lead to the investigation and confirmation of the pathways that are
involved in neural tube formation (Greene and Copp 2009).
Genetic related neural tube defects involve components controlling/contributing to cytoskeleton, cell proliferation, differentiation, transcriptional regulation, signaling (Shh, smad, BMP,
PCP, RA, inositol) (Copp and Greene 2010). However, the majority of mutations only result in
a phenotype if other factors such as folate deficiency co-occurs.

3.3.2. NTD induced by drugs (HDACi)
As reviewed by Grandjean and Landrigan only few environmental toxicants are known to act
as DNT compounds (Grandjean and Landrigan 2006; Grandjean and Landrigan 2014a). These
compounds have been confirmed by epidemiological cohort studies. However, such epidemiologic studies clearly giving evidence for causality are not easy to obtain, since the exposure
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metrics are very difficult (Sim 2002) or as Smirnova et al stated: “it took epidemiology some 50
years to show that smoking induces cancer” (Smirnova et al. 2014).
However, histone deacetylase inhibitors (HDACi) are known to cause severe neural tube defects in the developing embryo. They are used as antiepileptic drugs also in pregnant women.
The risk for malformation or stillbirth of the embryo caused by epileptic seizures even exceeds
the risk of HDAC inhibitors preventing the seizures. Due to this, many clinical data in human
as well as studies in mice for comparison are available for this compound class. While for
others hardly any data is available. Therefore, HDACi serve as highly promising tool compounds. The most well-known HDACi is valproic acid (Blotiere et al. 2019), but also man other
compounds such as trichostatin A have been used. Recently the effect of 10 different HDAC
inhibitors has been reviewed: the HDACi effect links to 23 different congenital malformations
that include spina bifida, cleft palate, microcephaly, Ebstein anomaly, atrial septal defect and
many more (Blotiere et al. 2019). HDACi lead to a massive reorganization of the epigenetic
landscape, which results in deregulation of gene expression and consequently to a complex
secondary effect. The primary DNT causing mechanism is not fully understood yet. Many different genes have been linked to the HDACi “disease mechanism” already and some have
even been confirmed by knockout experiments in rodents. For example, MARCKSL 1 has been
shown to be associated with the valproic acid effect (Chanda et al. 2019), but also other factors
such as alteration of NMDA receptor signaling induced by VPA has been shown to cause NTD
(Sequerra et al. 2018).
HDACi inhibit the deacetylation of histones, that regulates DNA accessibility and thereby
(among other epigenetic mechanisms e.g. DNA methylation) the transcription of genes. Histones may be modulated by different marks, that either increase or decrease DNA accessibility.
While methylation at different histone sites cannot be clearly linked to act as an active or repressive mark, histone ubiquitination acts as a repressive mark, mainly in hetero-chromatin
regions. Histone acetylation has been shown to be mainly present in eu-chromatin, the active,
accessible Chromatin (Dulac 2010).
The usual dosage of VPA (as anti-epileptogen) is 1000-3000 mg/day. They result in blood
concentrations of about 50-100 µg/mL and higher, which corresponds to 350-700 µmol/L (Bentué-Ferrer et al. 2010; Omtzigt et al. 1992; Turnbull et al. 1983; Vajda et al. 2004). At the
concentrations (therapeutic range), valproic acid does induce birth defects such as spina bifida, exencephaly or other congenital malformations (Omtzigt et al. 1992; Vajda et al. 2004). It
has been shown in the clinic that by lowering the VPA dosage from 1600 to 1100 mg (Omtzigt
et al. 1992; Vajda et al. 2004), which corresponds to about 60µg/ml (Turnbull et al. 1983) the
risk for birth defects is already significantly reduced.
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3.4.

Developmental toxicity and developmental neurotoxicty (DNT)

Severe congenital (neuro) developmental malformations or disorders such as NTD are a huge
concern. Additionally, worrying high percentage (about 10-15%) of newborns are affected by
disorders of neurobehavior development such as autism spectrum disorders, learning deficits
or other developmental delays (Grandjean and Landrigan 2014a). Since the rate of affected
children has increased intensively, it is very likely that also the increasing amount of environmental toxicants, food additives etc. contribute to this trend and many compounds may act as
DNT compounds (Grandjean and Landrigan 2014a). The number of chemicals produced in
high volumes (more than 100 t/year) is steadily, and the chemical universe of compounds produced in medium and small volumes (more than 1 t/year) already exerts 30000. This leads to
a continuous influx of chemicals in our environment. Until now, only few compounds, present
in the environment in high concentration, have been tested on their potential toxic risk. Thousands of industrially produced compounds remain to be tested as set out in the council regulation (EG) No 1907/2006 (REACH) (Smirnova et al. 2014). The guideline strategy includes
testing for neurotoxicity but not for developmental toxicity. Only if a compound generates an
alert during testing it will be considered for further testing. This poses an enormous underestimated risk since the developing nervous system is way more vulnerable than the adult ones
due to (i) immature blood-brain barrier, (ii) increased absorption versus low body weight and
(iii) low ability to detoxify (Smirnova et al. 2014). Additionally, in the developing brain many
complex processes are taking place that represent a potential target for toxicants, respectively.
Moreover, while toxicant effects in adults are often only transient, in developing embryos/children, the effect becomes persistent or might even be enhanced when occurring early. The
Barker hypothesis suggests that an effect that is not apparent first might lead to a delayed
manifestation of a disease in later life (diabetes (Hales and Barker 1992)). DNT effects might
be linked to an (earlier) outbreak of Alzheimer, Parkinson or similar age-related diseases.
However, not only for each individual dealing with DNT impact is huge, DNT affects the whole
society. Lowering the IQ of only 5 points results in a shift of the bell curve and leading to a
significantly higher percentage of the population not able to care for themselves as well as to
a decrease in the highly gifted people. Additionally, the costs arising from DNT are extremely
high. For example, the annual costs of childhood lead poisoning in the US were estimated to
exceed 50 billion US dollars (Grandjean and Landrigan 2014a).
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3.4.1. From Animal models to in vitro models- towards more predictive DNT testing
Safety assessment of chemicals and chemical mixtures still relies mainly on animal experimentation, which is mainly due to the lack of alternatives - especially in the field of developmental neurotoxicity (DNT). The OECD guideline advises in the TG246 how to test for DNT in
animals. About 1000 animals are needed to test one compound, the time that is required exceeds three months and the costs are about $ 1.4 million (Smirnova et al. 2014).
It took several decades to realize and to consider that animals apparently feel pain and suffer
from such experiments. The 3R concept (refine, reduce, replace) lead at least to a change in
thinking and resulted in seeking for better, more humane conditions for the laboratory animals
(Russell and Burch 1992). Regarding 2Rs (Reduce and Refine), for example, animal suffering
was reduced by handling improvement and fewer animals were sacrificed and wasted by
spending more effort in planning experiments. In terms of replacement, there is still a long way
to go. Some animal experiments used for toxicity testing may be easily replaceable and also
the test method replacement development is already at an advanced stage: for example for
eye corrosion, skin corrosion, skin sensitization robust in vitro methods have been validated
by the ECVAM already (Liebsch et al. 2000).
Developmental toxicology still represents a major discipline of toxicology where extensive work
is required. The working model (as set out in TG426) remains a “black box” approach, since
the mechanisms that lead to a toxic effect completely remain in the dark. This black box problem cannot be addressed by a complex animal experiment that does not allow for further research on the mechanistic part. Moreover, the predictivity is still very low because of their
limited scope to assess specific outcomes (e.g. neuropsychiatric disorders) (Hartung 2009;
Leist and Hartung 2013) and inter-species differences, which can be dramatic if missed (e.g.
Contergan or Cytokine storm (Attarwala 2010; Stebbings et al. 2007)).
To allow the development and evolution of this young field of toxicology, a new “way of thinking”
has to be adopted. A new guideline was firstly proposed in the 21st century toxicity testing
(Hartung 2009; Leist et al. 2008) and was complemented by many new strategies and suggestions to meet upcoming problems (e.g.(Bottini and Hartung 2009; Hartung 2008; Hartung et al.
2009; Hartung and Leist 2008; Hartung and McBride 2011; Leist et al. 2010)). Development of
alternatives is pressurized by the vast amount of untested chemicals and a new regulation that
prohibit the usage of animal experiments for cosmetic products (the 7th Amendment Directive
of the Cosmetics Regulation). This hopefully leads to an accelerated recognition process of
new methods in the OECD and in the EU by ECVAM.
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3.4.2. Concepts of a new DNT testing strategy: AOPs, TEPs, PoTs
To meet the needs and problems of DNT, new in vitro testing strategies have been designed.
A new approach of testing focuses on a more optimal and purpose-oriented manner of testing.
Decades of “black-box” testing (as mentioned in the last chapter) should be replaced by assays
that consider the single steps of development and investigate not only the outcome without
knowing the in-between processes. Certainly, unlike complex animal models- no single in vitro
assay will be able to model and capture all processes that take place during embryonic development. However, this is also not the aim of a new testing strategy. New testing approaches
suggest a combination of new approach methods (NAM) in a well-defined test battery that
covers all key processes of (neuro) development. However, not only the key processes of
development should be focused on, but rather the mode of action (MOA) of the test compounds
should be addressed and summarized in pathways of toxicity (PoT) (Hartung et al. 2013b;
Leist et al. 2008). PoT describe the network of cellular regulations that lead to the eventual cell
fate (Balmer and Leist 2014; Hartung and McBride 2011).
A model has been proposed by integrating a concept from a medical discipline: the toxicological endophenotype (TEP) (Balmer and Leist 2014; Kadereit et al. 2012a). In the field of psychology (Gottesman and Gould 2003) the endophenotype describes behavioral symptoms representing the phenotype that is linked to a genetic component (John and Lewis 1966). The
toxicological endophenotype links an effect of a compound to a disturbed biological process
(which can be modeled in vitro) that is further linked to an in vivo disease pattern (exophenotype). A disease such as autism or schizophrenia represents the in vivo exophenotype that is
caused or at least linked to changes in the development such as migration, neurite outgrowth,
differentiation or synaptogenesis, which would represent the toxicological endophenotype.
(Figure 6 A, B). Such distinct mechanistic, biological processes can be modeled in in vitro
systems.
Unlike the highly complex systems biology approach of unraveling the molecularly defined
PoT, a relatively easy, linear concept to reduce complexity for pragmatic decision-making, was
proposed. The concept of an “adverse outcome pathway” (AOP) links a molecular initiating
event (MIE) induced by a compound (for example blocking of channel x) to a final adverse
outcome (AO) such as a disease (e.g. Schizophrenia) in a linear way (Bal-Price et al. 2015;
Leist et al. 2017; Smirnova et al. 2014). MIE finally results in an AO, linked via several key
events, which describe the disturbance of biological processes on any functional level. Key
events range from molecular events to disturbance on whole organ level (Figure 6A, B). Since
the completeness of key events is not of main interest, this concept is more or less easy to
follow. This approach allows to leave gaps, e.g. the key event relationship (depicted as arrows)
do not have to be all necessarily captured. Even if not all of the information is provided by an
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AOP, several AOPs can be combined and common key events (cKE) may be identified in this
procedure. Finally, the aim is to gain more and more information about the in-between key
events and to fill the gaps in an AOP. Data has been collected and several AOPs have been
generated and combined based on assays and test compound knowledge. More than 300
AOPs have already been summarized in the AOPwiki database and many more are yet to
come since many huge projects such as the horizon 2020 program EU-Toxrisk use this approach of generating AOPs.
It has to be considered, that this approach also bears shortcomings and the concept is criticized by many toxicologists. Reducing the complexity has drastic consequences since compensatory mechanisms are missed, feedback loops are not considered and the key events are
not seen in the context of other regulatory units (Leist et al. 2017). Furthermore, one compound
often has more than one target. Often the AOPs are not defined properly and contain only poor
information. Apparently, the basic concept of linking the key events to an adverse outcome (in
vivo) is often poorly reflected and understood, since evidence for the KE-AO relation is missing.
Combinations of AOPs or KE cannot be easily facilitated. Ultimately, it does only predict hazard, but not risk since treatment duration or concentration of a compound is not considered
(Leist et al. 2017).
The concept of an integrated approach of testing and assessment (IATA) has been evolved in
the last 50 years by the OECD member states and describes a strategy that uses diverse lines
of evidence for hazard prediction of chemicals. The IATA concept follows an iterative approach
to assess the hazard and risk of a given compound by taking into account the acceptable level
of uncertainty associated with the decision context. The IATA strategy is based on adverse
outcome pathways (AOPs) and utilizes all available information in a weight of evidence assessment relying on animal data, in vitro data, in silico data, read-across. Furthermore, at the
same time, it aims to generate new information (Bal-Price et al. 2015; Bal-Price et al. 2018b;
Fritsche et al. 2017).
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Figure 6: The concept of adverse outcome pathways and toxicity endophenotypes. (B) Linear concept of
adverse outcome pathways. (C) Test methods investigating AOPs.
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3.5.

DNT Test assays

A toxicological test assay describes a method to obtain data that monitors the effect of a given
compound on a specific biological process (Figure 6 A, C). The assay or test method is always
structured in the same way and consists mainly (i) of a (stable) biological system (eg differentiation cells), (ii) a logic treatment scenario that exposes the biological system to a defined
compound concentration in a defined time window, (iii) one or more defined endpoint(s) and a
corresponding readout (e.g. viability, gene expression) and finally, (iv) a prediction model that
assesses the result and defines a compound as positive or negative. Based on the limitations
of the test method, acceptance criteria need to be defined (Aschner et al. 2017). The test assay
is based on a distinct AOP and may also serve for data and information generation regarding
the mode of action of a compound and for investigation of underlying biological processes
(Figure 6 C). Building up a robust, reliable and relevant test assay requires extensive characterization. The system has to be challenged by positive controls, negative controls, and pathway-specific controls, and acceptance criteria have to be defined. The performance of a test
regarding specificity (performance of identifying positives correctly; number of false positives),
sensitivity (performance of defining negatives correctly, number of false negatives) and robustness needs to be assessed (Leist et al. 2012b). For some testing purposes, it may be preferable to have a test that is highly specific, while sensitivity is not of major interest. This might
be the case for example for pharma pretesting. While for other purposes (such as for testing
of industrial chemicals used in the environment) the vice versa situation might rather an advantage. The requirements for each test system differs depending on the output of the test.
E.g. for some test assays a borderline range, which defines a compound as not clearly negative, might be useful. The borderline compounds might be prioritized for further testing in another assay/in more concentrations (Leontaridou et al. 2019; Leontaridou et al. 2017).
In terms of DNT assays, no matter if in vivo or in vitro model, it has to be considered that the
system itself is continuously changing, which may pose problems that are not apparent from
first sight. Usage of e.g. differentiating cells means, that the cells from day 0 will not be the
same on day 1 or 2 or n. This means in consequence that the cells depending on their state of
differentiation might not share the same characteristics (Smirnova et al. 2014). Therefore the
vulnerability to distinct compounds may not only vary (i) depending on the compound concentration and the (ii) exposure time but also (iii) the time window has to be taken into consideration for proper risk assessment. Experimental planning to define the distinct aims and expectations are inevitable. Depending on the desired endpoint that is measured, the baseline has
to be adjusted and the toxicant effect has to be calculated relative to controls. E.g. if gene
expression is used as an endpoint, gene expression has to be expressed as gene expression
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change depicted relative to (i) time control (start of diff vs end of diff) and (ii) relative to an
untreated control(Aschner et al. 2017; Bal-Price et al. 2015)
DNT test system are often highly complex requiring many validation steps. However, designing
and building up such a test is not the only difficulty that has to be addressed requiring a lot of
attention, time and money. There are certain issues that further pose problems to the development of DNT tests:
-

Identification of positive controls: Only few environmental compounds are known to
cause DNT (Grandjean and Landrigan 2014a). However, for the evaluation process of
a test assay, positive controls are needed (Aschner et al. 2017).

-

Gold standard problem. It was shown that numerous compounds have effects on only
several species but not at all on others (e.g contergan, cytokine storm (Attarwala 2010;
Stebbings et al. 2007)). Interspecies-extrapolation does not work in many cases and
animal data do not hold true to predict human hazard reliably. However, the present
model still remains the “gold standard”. Even if many good alternative models are available (such as for eye irritation), if the data are not absolutely clear, it is advised to test
in animals as a final approach (IATA) (Casati 2018).

-

Regulatory pressure: Straight forward regulations are needed, to put more pressure on
the development and validation of alternatives such as the 7th Amendment Directive
of the Cosmetics Regulation that prohibits animal experimentation for cosmetic products (Smirnova et al. 2014).

-

Validation: The validation process as outlined by ECVAM orientates at a 1:1 replacement of animal experiments. There is no guideline for validating test batteries or assays
that cover one step in a test battery (following chapter).

-

Irrational decisions: for example, an “ethical” regulation prohibits using human embryonic stem cells for testing purposes. Certainly, a lot of money and time was spent to
adjust the tests to new induced pluripotent stem cells.

3.5.1. Transcritomics as endpoint
Among the most important tools to gain insight into cellular pathways and processes are the
so-called ‘omics’-technologies. “Omics” describes the whole (micro) environment in a cell and
includes proteomics, fluxomics, lipidomics, genomics, metabolomics, and many more.
We are now able to obtain vast amounts of data relatively fast and easy by using transcriptomics as a toxicological endpoint. Unlike other endpoints, transcriptome data do not only deliver
a toxic/nontoxic decision, but the huge amount of data can also be used for mechanistic investigation. Transcriptome data may be used in two different ways: (i) data can be used for toxicity
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testing to define markers or patterns e.g. to define regional identity as in (Kuegler et al. 2010)
or marker signatures that are specific for compounds. These approaches are often unbiased,
relying on statistical/mathematical methods (Rempel et al. 2015) while the biological background is not considered at all. (ii) In the second approach, transcriptome data is used to gain
information about underlying biological processes, which can be facilitated by data classification tools such as KEGG pathway or gene ontology (GO) databases, which are available
online. The following examples for transcriptomics data interpretation (Figure 7) are split into
the mentioned categories:
Category i: A promising concept in disease, as well as toxicology, is the concept of using biomarkers as identifiers. With regards to toxicology, transcription factors (or other genes) may
serve as markers for (un)disturbed development or compound-specific patterns may be obtained which would allow the generation of fingerprints to facilitate grouping and referencing
(Hartung and Leist 2008). This might be a useful tool for compound evaluation and prioritization. However, how to define markers does not follow one principle, but can be achieved by
many projections (e.g. toxicity biomarkers, endophenotype biomarkers, biomarkers for compound groups).
An example of an advanced and complex approach is the analysis of combinations or patterns
of markers like it was used by (Rempel et al. 2015) for the calculation of a classifier. Transcriptomic data was also used to calculate a toxicity index, as described in (Shinde et al.
2016a), which allows the ranking of compounds by their potential to disturb development just
by quantifying the amount of DNT genes affected by a compound.
Category ii: Interesting, new ways of interpreting data are to track the development of the DNT
system and its disturbance caused by compounds in the context of “the whole body” or within
the “whole development”. This was firstly set up as a small scale “gene correlation network”
(Hoelting et al. 2016), where the development of sensory neurons was visualized in frame of
other human sample cell types by PCA (Figure 7C). The data for other cell lines and tissues
were obtained from databases available online. However, by continuously evaluating and adding data, this approach can be still improved. A more simple variant of this approach is the “cell
lineage tracking” that was published recently (de Leeuw et al. 2020). In this method, marker
genes for certain cells and tissues that arise during development (e.g. germ layers, neural
crest) as well as markers for certain adult cell types (e.g. sensory neurons, astrocytes, cardiac
cells), were chosen and used for endpoint-assessment in a DNT test assay. Using markers for
germ layer formation was already used as an endpoint before (Hessel et al. 2018; Krug et al.
2013b; Shinde et al. 2015).
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Figure 7 How to use and interpret transcriptome data: Examples from different approaches. (A) The table
summarizes approaches that have been used to capture transcriptomic changes. (B) Graphical output from the
classification of two compound groups based on a PCA (adapted from Rempel et al., 2015). (C) Graphical output
from “gene correlation network” adapted from Hoelting et al, 2016)

3.5.2. The UKN1/ STOPtoxUKN assay
The STOP-tox(UKN) assay/UKN1 uses human embryonic stem cells (hESC) or induced pluripotent stem cells (iPSC) as a test system to model neural induction (Chambers et al. 2009) and
neural tube formation. By dual-smad inhibition (addition of the molecules noggin, SB and dorsomorphin) BMP and TGFbeta signaling is blocked and cells differentiate towards neuroepithelial precursor cells (NEP) within 6 days (Figure 8). However, in a second step, the cells are
allowed to further differentiate. By reseeding the cells at DoD11 they gain polarity and self-
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organize to form neural rosettes at DoD 15. These neural rosettes represent the in vitro counterpart of the in vivo neural tube (See Introduction chapter 3.1.3). In the standard setup, the
developing cells are treated with compounds during neural induction between 0-6 DoD (Krug
et al. 2013b) to identify disruptors of early neurodevelopment. As endpoint 1 at DoD6, cell
viability (resazurin assay) as well as gene expression (transcriptome) is analyzed via microarray or qPCR. The major markers for successful NEP differentiation are PAX6 and OTX2. Furthermore, the downregulation of stem cell markers OCT4 and NANOG are monitored. Disturbance of the development leads in consequence to deregulation of these markers (less upregulation of differentiation markers and less downregulation of stem cell makers). As a second
endpoint, viability (cell count) as well as neural rosette formation are assessed by automated
counting of the neural rosettes (manuscript 2).
Figure 8: UKN1 test method. Pluripotent stem cells are differentiated towards neuroectodermal precursor cells
within 6 days. Cells are reseeded on
d11 and the cells form neural rosettes
until DoD15.

Established neural tube toxicants that lead to spina bifida in human embryos in vivo (such as
valproic acid or trichostatin A) also lead to an altered gene expression profile in the UKN1
assay and rosette formation is disturbed already at low concentration. In frame of the Horizon
2020 EU-Toxrisk project, an AOP based on the HDAC effect (MIE) leading to “neural tube
defects” as an adverse outcome was developed for the UKN1 test assay (Figure 9). In terms
of the endophenotype concept, rosette formation assessed by the assay would represent the
toxicity endophenotype linked to neural tube defects as an exophenotype.
Figure 9: Adverse
outcome

pathway

induced by HDACi
(AOP wiki database
No. 275). Inhibition
of Histone deacetylase (KE1) leads to
activation of several key events (KE2-KE4) that manifest in vivo as neural tube defects.
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4. Aims
The UKN1 system is a model system that has been used and improved for almost a decade.
It has firstly been used as a test to identify DNT compounds; however, a lot of effort has been
invested to use this system to understand early neurodevelopment and the underlying processes such as gene expression, epigenetics etc. The focus of this thesis was to further develop the test method by implementing a new phenotypic endpoint to the UKN1 test system,
as well as to use the new assay to study early neurulation in vitro.
The major aims of this thesis were:
-

to investigate the effect of acute toxic and non-cytotoxic concentrations on the transcriptome of a DNT-cell model. This should help to understand the mechanisms of
transcriptomic regulation in a developing system in unperturbed and perturbed development as well as to distinguish between an acute and a developmental effect.

-

to establish a differentiation protocol for neural rosettes as a new assay endpoint for
the UKN1/STOP-tox(UKN). The novel endpoint provides a robust tool to anchor transcriptomics to an endophenotype and to investigate the relevance of transcriptome
changes at early neurodevelopmental stages (DoD6)

-

to set up a model (together with Johannes Meisig and Nils Blüthgen) that is able to
predict the influence of different valproic acid dosage (time x concentration) on expression of single genes by using a very limited dataset. To prove the information delivered
by the computational model on affected pathways by rescuing the VPA-induced disturbance of rosette formation (endophenotype).
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5.1.

Abstract

Analysis of transcriptome changes has become an established method to characterize the
reaction of cells to toxicants. Such experiments are mostly performed at compound concentrations close to the cytotoxicity threshold. At present, little information is available on concentration-dependent features of transcriptome changes, in particular at the transition from noncytotoxic concentrations to conditions that are associated with cell death. Thus, it is unclear in
how far cell death confounds the results of transcriptome studies. To explore this gap of
knowledge, we treated pluripotent stem cells differentiating to human neuroepithelial cells
(UKN1 assay) for short periods (48 h) with increasing concentrations of valproic acid (VPA)
and methylmercury (MeHg), two compounds with vastly different mode-of-action. We developed various visualization tools to describe cellular responses, and the overall response was
classified as ‘tolerance’ (minor transcriptome changes), ‘functional adaptation’ (moderate/strong transcriptome responses, but no cytotoxicity) and ‘degeneration’. The latter two conditions were compared, using various statistical approaches. We identified: (i) genes regulated
at cytotoxic, but not at non-cytotoxic concentrations; (ii) KEGG pathways, gene ontology term
groups and superordinate biological processes that were only regulated at cytotoxic concentrations. The consensus markers and processes found after 48 h treatment were then overlaid
with those found after prolonged (6-day) treatment. The study highlights the importance of
careful concentration selection, and of controlling viability for transcriptome studies. Moreover,
it allowed identification of 39 candidate ‘biomarkers of cytotoxicity’. These could serve to provide alerts that data sets of interest may have been affected by cell death in the model system
studied.
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5.2.

Introduction

Transcriptome analysis is a powerful tool to describe changes of cells in a comprehensive way,
but few studies have addressed the question of concentration-dependent qualitative and quantitative changes in gene expression at a genome-wide level. Information on concentrationdependent changes is one of the approaches that may help to distinguish transcript regulations
related to a compound’s hazard from those changes that rather indicate a cell’s adaptive response (Blaauboer et al. 2012). Such data will become important for systems toxicological
approaches of hazard assessment (Heise et al. 2012; Jennings 2013; Jennings et al. 2013;
Sauer et al. 2015; Wilmes et al. 2013). Moreover, information on concentration-dependent
changes is relevant for classical applications of transcriptomics in toxicology, such as grouping
of compounds based on similar transcriptome patterns, for the identification of pathways-oftoxicity (PoT) or modes of action (MoA) and for ranking of compound potency within a set of
experiments.Transcriptome changes triggered by a given toxicant obviously depend on the
exposure time (short, long, repeated). This is taken into account in some large studies (e.g.
TG-GATES), where data are obtained after different exposure periods.(Uehara et al. 2010)
However, most published studies use fixed time exposure conditions to evaluate toxicant effects. Besides timing, also the test compound concentration plays a major role.(Hermsen et al.
2013; Schulpen et al. 2015a; Schulpen et al. 2015b; Theunissen et al. 2012) For non-transcriptome endpoints, this factor has been widely recognized, so that e.g. quantitative high throughput (qHTS) screens have been developed in the Tox21 and ToxCast programs (Judson et al.
2016; Richard et al. 2016; Sand et al. 2016) to cover large concentration-ranges. Concentration-dependent data also form the basis for extensive modeling and toxicity prediction.(Kleinstreuer et al. 2014; Shah et al. 2015; Thomas et al. 2013; Zhang et al. 2014) Nonetheless, the majority of transcriptomics studies have used a single fixed concentration, even if
complex hazard predictions (carcinogenicity) were the objective.(Herwig et al. 2015; Schaap
et al. 2015) This also applies to cases where the assay is well characterized for prediction of
a regulatory endpoint of high relevance to the industry (e.g. GARD assay for skin sensitization),
and with a need for potency information (Forreryd et al. 2015; Johansson et al. 2013). Only
few studies have used at least 2-3 concentrations, (Schulpen et al. 2015b; Wilmes et al. 2013)
and also the TG-GATES project did not explore the concentration issue more deeply (Igarashi
et al. 2015). Although so few concentrations are not sufficient for robust concentration-response modelling, such studies have clearly indicated the importance of dose variation for the
characterization of cellular responses (Krug et al. 2013b) Dose-response dependency on gene
expression endpoints has been demonstrated for in vivo (Ahlborn et al. 2008; Andersen et al.
2008; Thomas et al. 2011; Thomas et al. 2013) and for in vitro (Gao et al. 2015; Li et al. 2015;
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Romero et al. 2015; Waldmann et al. 2014) toxicological test systems. If too low test concentrations are chosen, many responses will be missed, whereas a too high concentration may
induce cytotoxicity with its associated signaling processes. This latter process can distort the
transcriptome response and jeopardize the elucidation of the real MoA of a toxicant. In the field
of developmental toxicity, exposure timing is particularly complex, as the system itself changes
over time. (Balmer and Leist 2014; Smirnova et al. 2015) This means that the effect of a 48 h
exposure will differ from that of a 144 h exposure, but also the effect of a 48 h exposure from
day 0 to day 2 will most likely be different from the effect of a 48 h exposure from day 4 to day
6. The reason for this is that toxicants interfere with different waves of developmental gene
expression, (Zimmer et al. 2011b) and for instance in neurally-differentiating pluripotent stem
cells, different windows of exposure have led to distinct transcriptome responses.(Balmer et
al. 2014; Balmer et al. 2012) Data from such experiments suggest that the transcriptome response triggered by toxicants present during the entire developmental period mostly reflects
the altered differentiation state of the cells, while it informs only to a minor extent on the MoA
of the toxicant.(Balmer et al. 2014; Smirnova et al. 2015) Short exposures to toxicants are
required to obtain information on the signaling pathways triggered directly by toxicants. This
applies to test systems of developmental toxicity or direct organ toxicity, such as neurotoxicity.
If a study is mainly designed to elucidate mechanisms or biomarkers relevant to neurotoxicity,
then (i) concentrations need to be chosen that are beyond the neurotoxic threshold, (ii) the
exposure duration should be short enough to prevent too many secondary reactions from occurring (≤ 48 h), and if the cells chosen as target are differentiating, (iii) a time window needs
to be selected in which little cellular change occurs. Systems toxicology (Sturla et al. 2014)
attempts to assign the regulated transcripts to biological processes. In many standard approaches, the transcript data are overlaid with background biological information to filter signal
from noise. Different databases contain such guiding biological background information and
algorithms to such databases have been developed. The two most used databases are the
gene ontology (GO) database (http://geneontology.org) (Ashburner et al. 2000) and the KEGG
(Kyoto Encyclopedia of Genes and Genomes) pathway database (http://www.genome.jp/kegg/pathway.html).(Kanehisa and Goto 2000; Ogata et al. 1999) The GO database
is hierarchically structured and annotates every known gene to several GO terms (e.g. neuronal development or cell death). In contrast the KEGG pathway database consists of manually
drawn pathways assembled by experts. These pathway databases can be used to bring biological sense into large sets of genes by overrepresentation analysis. Both databases have
been used to characterize the gene expression response to the treatment of several in vitro
test systems (Balmer et al. 2014; Pallocca et al. 2016; Rempel et al. 2015; Schulpen et al.
2015b; Waldmann et al. 2014)
41

Results- manuscript 1: Stem cell transcriptome responses and corresponding
biomarkers that indicate the transition from adaptive responses to cytotoxicity

The most common use of the above databases is to analyze whether certain GO groups or
pathways are overrepresented amongst the regulated genes. At present it is unclear, how such
information can eventually be used in toxicology, in particular for regulatory applications. There
is a large need to further synthesize and categorize such information and to convert it into
graphical displays that are intuitive and that confer at least semi-quantitative information on
relevant concentrations and effect thresholds. Examples of such approaches are the establishment of a developmental toxicity index, (Waldmann et al. 2014) spider diagrams indicating
the finger print of biological responses triggered by a toxicant, (Pallocca et al. 2016) the mapping of responses to an overall human transcription factor network(Rempel et al. 2015) and
the establishment of quantitative indices like the ‘developmental potency’ (Shinde et al. 2016a).
One in vitro test that has been explored extensively for such toxicogenomics studies is the
UKN1 assay. (Balmer et al. 2014; Krug et al. 2013b; Waldmann et al. 2014) It recapitulates
early stages of human neuroectodermal tissue development from the pluripotent initial stage
to the formation of early neural ectodermal progenitor cells (NEP). (Balmer et al. 2012;
Chambers et al. 2009) The differential responses of MeHg (or several other mercurial compounds) and VPA (or several other HDACi) in this system is well-established. (Krug et al.
2013b; Rempel et al. 2015) Most compounds have only been tested at a single concentration,
but there is extensive concentration-response information on VPA available. (Waldmann et al.
2014) Moreover, different exposure windows have been explored for VPA, and TSA (another
HDACi). It is known from such studies that exposure during the last 48 h of the 6-day differentiation does not affect the cell differentiation. (Balmer and Leist 2014; Balmer et al. 2012) It has
also been examined how gene related to the developmental program of the test system (Dgenes) overlap in different conditions with genes altered by toxicants (T-genes), and
knowledge on these interactions has been used to define toxicity indices. The above background information was used to select the exposure time and the test compounds for the present study. VPA and MeHg were chosen, based on our extensive experience with these toxicants, and as they are associated with two largely different MoA. In order to avoid large overlap
of D-genes with the cytotoxicity-related T genes that we aimed to identify in our present study,
we exposed the differentiating cells only during the last 48 h of the 6-day differentiation period.
We chose this condition, as very few D-genes change during this time, so that the genes identified are mostly T-genes and thus can give clear data on cytotoxicity related biomarker candidates after exposure to VPA or MeHg (Shinde et al. 2016a). In order to get insight into transcriptome changes associated with cytotoxic drug concentrations, we challenged the UKN1
test system with compound concentrations ranging from non-cytotoxic to cytotoxic. This allowed filtering of genes regulated only at cytotoxic concentrations, but not below. We found,
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that both compounds can affect gene expression in concentration ranges that are not yet cytotoxic. These differentially expressed genes were mainly enriched in gene ontology terms
dealing with neurodevelopment, indicating that our test system indeed alerts for developmental
toxicity when potential toxicants are used at sub-cytotoxic concentrations. More importantly,
by analyzing the response at high toxicant concentrations, we identified genes that may be
used as candidate biomarkers of cytotoxicity and may help in the future to better interpret
transcriptomics data in developmental toxicology.
.
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5.3.

Materials and Methods

Materials
Gelatine, putrescine, sodium selenite, progesterone, apotransferin, glucose, insulin, methyl
mercury and valproic acid were obtained from Sigma (Steinheim, Germany). Accutase was
from PAA (Pasching, Austria). FGF-2 (basic fibroblast growth factor) and noggin and were
obtained from R&D Systems (Minneapolis, MN, USA). Y-27632, SB-43154 and dorsomorphine
dihydrochloride were from Tocris Bioscience (Bristol, UK). MatrigelTM was from BD Biosciences (Massachusetts, USA). All cell culture reagents were from Gibco/Invitrogen (Darmstadt,
Germany) unless otherwise specified.

Neuroepithelial and rosette differentiation
Human embryonic stem cells (hESC) (H9 from WiCells, Madison, Wi, USA) were differentiated
according to the protocol published by Chambers and colleagues (Chambers et al. 2009) with
modifications established in (Balmer et al. 2012; Shinde et al. 2015; Waldmann et al. 2014).
Instead of using 500 µM noggin we used the combination of 35 µM noggin and 600 nM dorsomorphine together with 10 µM SB- 431642 for dual SMAD inhibition as described earlier. This
was used to prevent BMP and TGF-β signaling, and thus to achieve a highly selective neuroectodermal lineage commitment. For handling details, see supplemental material as decribed by Balmer et al., 2012 (Balmer et al. 2012). All differentiations were performed in 6-well
plates containing 2 ml of medium per well. For some experiments, cells were further differentiated until they formed neural rosettes. In detail, cells were differentiated until DoD10 as described above or in in (Chambers et al. 2009). On DoD11, cells were detached using Accutase,
and seeded at a density of 150,000 cells/cm2 onto Matrigel-coated 48 well plates. Cells were
grown in N2S medium supplemented with 20 ng/ml FGF2, 100 ng/ml FGF8, 20 ng/ml sonic
hedgehog and 20 µM ascorbic acid until rosettes formed at DoD15.

Experimental exposure and viability measurement
Treatment with valproic acid (VPA) was done with the indicated concentrations from 0.6 mM
to 5 mM and with methyl mercury (MeHg) with concentrations from 1.5 µM to 40 µM. For "neurotoxicity" data generation, cells were differentiated without treatment until day of differentiation
4 (DoD4) as described above. On (DoD4) medium was removed and exchanged for new medium supplemented with the indicated concentrations of VPA or MeHg. All concentrations were
prepared from a 1 M stock solution (in Aq. dest.) for VPA and from a 10 mM stock solution (in
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Aq. dest.) for MeHg. In order to determine cytotoxicity, a resazurin assay was performed on
DoD6, exactly as described previously (Krug et al. 2013b; Stiegler et al. 2011)

Isocitrate dehydrogenase (ICDH) activity assay
ICDH (porcine, Sigma, I-2002) (10 µg/200 µl) in a tris(hydroxymethyl)-aminomethan (Tris)buffer (20 mM) containing MnSO4 (2 mM), pH 7.4, was incubated with methyl mercury or
valproic acid at 37°C for 20 min. ICDH activity was determined by the addition of isocitrate (4
mM) and NADP+ (0.1 mM). The enzymatic reduction of NADP+ to NADPH was photospectrometrically followed at 340 nm over the course of 15 min at 1 min intervals at 37°C. The enzymatic activity was determined from the slope of the absorbance increase over time. All data
were normalized to the activity of untreated enzyme (free of toxicant).

Glutathione reductase (GSR) activity assay
GSR (human, Sigma G-9297) (10 µg/ 200 µl) was incubated in sodium phosphate buffer (100
mM), pH 7.5, containing ethylenediaminetetraacetic acid (EDTA; 1 mM) and methyl mercury
or valproic acid for 20 min at 37°C. To assess GSR activity, oxidized glutathione (GSSG) (5
µM), NADPH (0.4 mM), 5,5’-dithiobis(2-nitrobenzoic acid (DTNB) (all from Sigma) were added,
the reaction was followed by measurement of the absorbance of 405 nm (37°C) in 1 min intervals over the course of 15 min. The enzymatic activity was determined from the slope of the
absorbance increase over time. All data were normalized to the activity of untreated enzyme
(free of toxicant).

Affymetrix DNA microarray analysis
After the measurement of viability (resazurin assay) medium was removed, and cells were
lysed in RNA protect solution (Quiagen). Affymetrix chip-based DNA microarray analysis (Human Genome U133 plus 2.0 arrays) was performed exactly as described earlier (Krug et al.
2013b; Rempel et al. 2015). The original data used for the comparisons with longer (chronic)
VPA treatment (DoD0 to DoD6) were obtained in the context of an earlier study. These data
and different form of analyses have been published by Waldmann et al, 2014 (Waldmann et
al. 2014).
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Microarray statistics
The following analyses were performed using the statistical programming language ‘R-version
3.1.1: for the normalization of the entire set of 36 Affymetrix DNA microarrays, the Extrapolation Strategy (RMA+) algorithm (Harbron et al. 2007) was used that applies background correction, log2 transformation, quantile normalization, and a linear model fit to the normalized
data in order to obtain an absolute expression value for each probe set (PS) on each array,
ranging from about 2 – 14 on a log2 scale. For comparability reasons the normalization parameters obtained in earlier analyses (Krug et al. 2013b) were used (frozen RMA procedure). After
normalization, the difference between gene expression (at each toxicant concentration) and
corresponding controls was calculated (paired design). Replicates of controls were averaged
before subtraction from corresponding exposed samples. Differential expression was calculated using the R package limma (Smyth 2005). Here, the combined information of the complete set of genes is used by an empirical Bayes adjustment of the variance estimates of single
genes. This form of a moderated t-test is termed here as ‘Limma t test’. The resulting p-values
were multiplicity-adjusted to control for the false discovery rate (FDR) by the Benjamini–
Hochberg (BH) procedure (Benjamini and Hochberg 1995). As a result, for each concentration,
a gene list was obtained, with corresponding estimates for log fold change and p-values of the
Limma t test (unadjusted and FDR-adjusted).

COMBAT batch correction
Batch effects, non-biological experimental variation, are commonly observed phenomena in
the area of microarray studies. They occur due to experiments that cannot be conducted all at
once, for various reasons. It is important to remove batch effects, as otherwise relevant mode
of actions might remain undetected due to strong batch effects. We apply the ComBat algorithm (Johnson et al. 2007) that allows to adjust for batch effects in datasets where the batch
covariate is known. It uses a non-parametric empirical Bayes approach for the estimation of
an additive and multiplicative batch effect. First the data is standardized with respect to mean
gene expression and treatment effect. Then the batch effects are estimated and eliminated
from the standardized data by subtracting the additive effect and dividing by the multiplicative
effect. Finally the data is back transformed, i.e. mean gene expression and treatment effect
are added.
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Data display algorithms
Heatmaps were used to visualize hierarchically clustered matrices of gene expression values.
The colors encode the magnitude of the values, ranging from blue (low) to yellow (high). Principal component analysis (PCA) plots were used to visualize sets of expression data in two
dimensions. The percentages of the variances covered on each axis are indicated in the figures. The calculation and display of cytotoxicity curves was done using GraphPad Prism 5.0
(Graphpad Software, La Jolla, USA). Ring diagrams were generated with Microsoft Excel
(2011). One semi circle represents the amount of all significant oGO (cut offs: p-value elim <
0.01;|FC| > 1.8) determined for each concentration and is set to 100 %. The size of each
segment represents the amount of different superordinate biological processes in % normalized to all oGOs. The spider diagrams were done in Microsoft Excel (2011). The axes represent
the number of KEGG pathways belonging to the given KEGG categories.

Gene ontology
The gene ontology (GO) group enrichment analysis was performed using R-version 3.1.1 with
the topGO package (Alexa et al. 2006) using Fisher’s exact test, and only results from the
ontology domain "biological process" ontology. The resulting p-values for overrepresentation
of GO terms amongst gene sets were corrected for multiple testing by the method of Benjamini−Hochberg procedure (Benjamini and Hochberg 1995). In order to avoid redundancy the
GO group enrichment analysis was performed by using the the topGO elim algorithm. The GO
database is organized hierarchically, i.e. it forms a directed acyclic graph (DAG) (Fig. S5.2A).
Every GO term is represented by a node in this graph. Higher-level nodes represent GO terms
from more general biological processes and lower-level GO terms from more specific processes. The complex structure of the GO introduces strong dependencies among the GO
terms but lower-level nodes are of higher biological relevance since their associated definitions
are more specific than the definition of their ancestors. Therefore we use the elim algorithm
that iteratively bottom-up removes the genes mapped to significant GO terms from all more
general (higher level) GO terms (Fig. S5.2B), unlike the classic algorithm (Fig. S5.2A), which
neglects the local dependencies between GO terms in the significance calculations.

GO activation profiles
A new biostatistical method (Waldmann et al. 2014) for measuring activation profiles of GO
groups across all concentrations (up- or down-regulation) was applied. The method uses a
segmentation test, which uses the log FC values as segement definition (Minguez et al. 2006)
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to identify significant enrichment with up or down regulated genes (restricted by FDR < 0.05),
comparing each concentration with the controls. The large number of enrichment tests is FDRadjusted according to the two-step procedure of Benjamini-Hochberg (Benjamini et al. 2006)
to limit the FDR to 1%. Each GO group obtains a corresponding activation profile. In each
profile, the order is from left to right: lowest dose to highest dose and always in relation to the
untreated control. The profile ‘0++++++’ means that the corresponding gene set is significantly
enriched with up-regulated genes at the second lowest concentration and for all higher concentrations. Analogously a gene set with profile ‘00000--’ is enriched with down-regulated
genes only at the two highest concentrations. The full list of GO activation profiles is given in
Table S5.6. Further, for each GO activation profile we assigned a key biological process as
described earlier (Waldmann et al. 2014) and selected 1-2 examples for each key biological
process and calculated a quantitative GO activation score for visualization of the profiles. To
this end the GO activation score was calculated for each concentration by multiplying ‘the percentage of genes within the GO that was found to be significantly regulated’ (p-value < 0.05)
with ‘the average fold change of their regulations’. Then theses scores were plotted against
concentrations of the compounds.

KEGG pathway enrichment analysis
KEGG pathway analysis was performed using the R package hgu133plus2.db (Carlson).
Probesets are mapped to the identifiers used by KEGG for pathways in which the genes are
involved. The enrichment was then performed analogously to the gene ontology (GO) group
enrichment analysis using Fisher’s exact test. To visualize the regulations of the single genes
that belong to the pathways we calculated the mean of all significant PS corresponding to each
gene and colored it redish for upregulation and blueish for downregulation.

Superordinate biological processes
oGO terms obtained by enrichment analysis and GO activation profiles were classified into
superordinate biological processes by expert knowledge (Waldmann et al. 2014). The classification for overrepresented KEGG pathways corresponds to the 7 groups given by KEGG
pathway: metabolism, genetic & environmental information processing, cellular process, organismal systems, human diseases and drug development (Kanehisa and Goto 2000; Ogata
et al. 1999). These superordinate biological processes were visualized by spider and ring diagrams (Microsoft Excel 2011).
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5.4.

Results

Determination of cytotoxic concentrations
We used the UKN1 test system that is based on differentiation of pluripotent cells to neuroepithelial cells within 6 days, and which has been extensively characterized earlier (Balmer et al.
2014; Balmer et al. 2012; Krug et al. 2013b; Shinde et al. 2016a; Shinde et al. 2015; Waldmann
et al. 2014). As toxicant exposure period we chose the last 48 h of the overall 144 h differentiation (Fig. 5.1A). Under such conditions, the test system has been shown to be relatively resistant to toxicant-induced developmental disturbances, and the transcriptome effects of substances present during this time period reflect mostly direct cellular responses (adaptations,
signaling pathways and possibly also cytotoxicity) (Balmer et al. 2014; Balmer et al. 2012).
Initially, we performed a pilot study to determine the approximate cytotoxicity threshold for the
test compounds (VPA, MeHg) under these test conditions. Guided by the pilot experiments,
we selected a range of concentrations in a way that some were expected to be non-cytotoxic
and some would be beyond the toxicity threshold. Cells from three different experiments (cell
lots) were treated with the indicated concentrations (0.6 - 5 mM VPA and 1.5 - 40 µM for
MeHg), and at the end of the incubation period, both the viability was determined, and the RNA
was harvested for microarray analysis from the same samples. Concentrations of ≤ 1 mM VPA
and of ≤ 15 µM MeHg were found to be non-cytotoxic (> 90% viability). At concentrations of 35 mM, VPA significantly decreased the viability (by 20 – 30%) (Fig. 5.1B); for MeHg we detected a massive (by 40 – 60%) decrease of viability at 20 - 40 µM (Fig. 5.1C). Thus, at least
two cytotoxic and two non-cytotoxic condition conditions were available for each compound for
subsequent analysis of the respective transcriptome changes. For the quantification of cell
viability, we used here as standard approach a resazurin reduction assay, i.e. an analytical
method that has worked reliably on stem cell cultures in our previous experiments. The data
were fully confirmed by cell counting of H-33342-stained cultures. Nevertheless, one can never
be entirely sure that viability tests capture e.g. a subtle functional damage that may have delayed effects on cell survival. For this reason, we used an additional functional test of the developmental potential of treated cultures. For this purpose, treated and non-treated neuroepithelial cells (= DoD6 cultures) were further differentiated towards neural rosettes. Such in vitro
structures have been considered as cell culture equivalent of the neural tube stage in
vivo(Chambers et al. 2009), and are established toxicological endpoints (Colleoni et al. 2011)
Under control conditions, well-structured rosettes were formed. Upon 48 h treatment with VPA
or MeHg, we found that the highest non-cytotoxic concentration for each compound was still
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compatible with subsequent rosette formation (Fig. 5.1D). In contrast to this, all cytotoxic concentrations were incompatible with further differentiation (no cell attachment, no rosette formation). This semi-quantitative assay confirmed that the cytotoxicity threshold identified by
resazurin testing clearly correlated with functional capacities of the cells. Such toxicity thresholds depend on the exact experimental conditions. For instance, in previous studies, cells had
been exposed to the compounds for the entire 144 h (instead of 48 h). Under these conditions,
the toxicity threshold (EC10) for VPA had been at 0.6 mM.(Balmer et al. 2014; Balmer et al.
2012; Krug et al. 2013b) We performed a rosette-formation assay also for these long-term
exposure conditions. Also under these conditions, cytotoxic concentrations (as determined in
the resazurin assay) were incompatible with the assay conditions, as the damaged cells did
not re-attach under the assay conditions. Under non-cytotoxic conditions (0.6 mM VPA), the
cells did attach for the rosette assay, but their differentiation was disturbed. Instead of forming
neuroepithelial rosette structures, VPA-treated (144 h) cultures formed an epithelial-like tissue
structures as indicated by ZO1-positive tight junctions between adjacent cells. This is fully in
line with the transcriptome changes and might be a first phenotypic anchoring under these
conditions that are indicative of malformations related to the fetal valproate syndrome.(Balmer
et al. 2014; Balmer et al. 2012) In summary, these cytotoxicity tests indicate that the associated
transcriptome data may refer to three conditions: (i) clearly non-cytotoxic (allowing cell survival,
and rosette formation), (ii) clearly cytotoxic ones (corresponding to neurotoxic effects in vivo),
and (iii) conditions that are not cytotoxic (high viability), but disturb neurodevelopment (failure
to form rosettes).
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Figure 5. 1: Transcriptome changes of neurally-differentiating stem cells induced at different toxicant concentrations. (A) Differentiation scheme. Embryonic stem cells (hESC) were differentiated within six days to a pure
population of neuroepithelial precursors (NEP). The cells were treated for the last two days of differentiation (DoD),
i.e. from DoD4 to DoD6, with the indicated concentrations of VPA (B) and MeHg (C). On DoD6, resazurin-reduction
was measured, as measure of viability. Data are means ± SD of three different experiments. The dashed red line
indicates a viability of 90%. Values below this were considered here to reflect cytotoxicity. (D) Cells were treated
as indicated. After the standard 6 day differentiation, cells were further differentiated until day 11 in the absence of
any added toxicants. Then, cells were detached, dissociated and re-plated to test for their capacity to form neural
rosettes. After four additional days, they were immunostained for ZO1 (red), GM130 (green) and DNA (H-33342
dye, blue). The micrographs are representative images taken from 3 differentiations. (E) Cells as treated in A and
B were used for whole transcriptome analysis. In addition, data from a previous publication (Waldmann et al. 2014)
with VPA treatment from DoD0 – DoD6 were included.
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The expression changes of the 100 PS with the largest variance are displayed in form of a two-dimensional principal
component analysis (PCA) diagram. Each point represents one experiment (= data from one microarray), and the
color coding indicates the concentrations as given in the legend. The form of the data points indicates the compound
and treatment duration (circle: VPA DoD4 – DoD6, square: VPA DoD0 – DoD6, triangle: MeHg DoD4 – DoD6) used
in the experiment. The axis labeling indicates the percentage of the overall data variance covered by the respective
axis. Controls (data from untreated cells) have been subtracted from the data displayed, so that the PCA displays
"deviation from control".

Overview of transcriptome changes under different test conditions
The transcriptome changes triggered by 48 h exposure (DoD4 – DoD6) were analyzed by DNA
microarray analysis (Affymetrix), and for an initial overview the data were displayed together
with those from the 144 h exposure to VPA (legacy data from a previous study) in a 2D principal
component analysis plot. The three most conspicuous findings were that (i) data of three fully
independent experiments per test concentration clustered closely together; (ii) a clear concentration-dependent progression was seen under all conditions; (iii) the three types of treatment
showed three clearly distinct tracks (Fig. 5.1E). The only exception was found for 40 µM MeHg.
Under this condition, the high level of cytotoxicity (Fig. 5.1C) had made it difficult (for one sample even impossible) to isolate an appropriate amount of intact RNA. Therefore, this concentration was excluded from some of the further analyses in this study. For a further overview of
the data structure, we generated heatmaps and corresponding dendrograms (Fig. S5.1) calculated by hierarchical clustering. This data display confirmed the impression from the PCA
(Fig. 5.1E) that the different experimental replicates cluster closely together for all experimental
conditions. Moreover, it was confirmed that cells exposed to 1.5 µM MeHg hardly differed from
untreated controls (Fig. S5.1B). For a rough quantification of changes, differentially expressed
probe sets (PS) were determined. For VPA the number of up- or down-regulated PS gradually
increased from the lowest to the highest concentration. The same was observed for MeHg.
Only treatment with 1.5 µM MeHg induced no significant change in gene expression (after false
discovery rate (FDR) correction) (Fig. 5.2A, Tab. S5.1). The apparent number of PS altered by
40 µM MeHg appears to be lower than for 20 µM MeHg, but this is due to the different statistical
basis (only two samples could be analyzed), and these data are therefore excluded from further quantitative analysis (Fig. 5.1E).
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Figure 5. 2: Concentration-dependent changes of regulated probesets and biological processes.
(A) The left panel displays the changes induced by VPA and the right panel the changes triggered by MeHg. The
numbers of differentially expressed PS compared to untreated control (p<0.05; |FC| >1.8) are displayed. (B) Significantly up- and down-regulated PS were scrutinized for overrepresentation of GO terms (oGO) among the PS. The
numbers of oGOs (p < 0.05; GO elim algorithm) among the respective PS are displayed. (C) Differentially expressed
up- and downregulated PS were pooled for each condition and analysed for overrepresented KEGG pathways (p <
0.05). (D, E) Neurotoxicity display. To visualize the relationship between individual PS and biological features
overrepresented amongst them, the number of PS was plotted on the x-axis and the number of oGO terms (D) or
KEGG pathways (E) was blotted on the y-axis. Each of the plots contains information for both, MeHg and VPA.
Three separate areas are distinguished within the scatter blots by dotted lines: tolerance to toxicant effects; functional toxicity (altered transcriptome, but no cell death); cytotoxicity.
.
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Overview of altered biological processes as consequence of transcriptome changes
To get an overview on how toxicant concentrations affected the number of coordinately regulated genes (belonging to a GO term or a KEGG pathway) we analyzed the significantly (pvalue < 0.05 after FDR correction, |FC| > 1.8) regulated PS for statistical over-representation
in GO terms and KEGG pathways. First we investigated overrepresented gene ontology terms
(oGO). For a quantitative comparison of oGO amongst different experimental conditions, it is
important to understand the structure of the GO database. It is organized hierarchically, which
implies that genes belonging to a low level group in the hierarchy are automatically also part
of all higher-level groups. To face this problem we used the recently developed TopGO elim
algorithm(Alexa et al. 2006) that starts with the processing the nodes from the most specific
level, and then iteratively moves to nodes on a more general (higher) level. A graphical demonstration of this procedure and its effects on the significance values of GO overrepresentation
can be found in supplemental material (Fig. S5.2). The enrichment analysis, based on the
TopGO elim algorithm, showed that the number of oGO increased with increasing VPA concentrations, in parallel with the increase of regulated PS (Fig. 5.2B, left panel Tab S5.2). For
increasing concentrations of MeHg the number of oGOs increased steeply from 10 µM to 15
µM (both non-cytotoxic), and no further rise (rather some decrease) was found in the cytotoxic
range (Fig. 5.2B, right panel, Tab. S5.3). Analysis for overrepresented KEGG pathways was
done on the basis of a pool of up- and down-regulated PS, since both may contribute equally
to one given pathway. The results showed that already the lowest concentration of VPA triggered > 25 pathways, and this number increased only moderately with higher concentrations
(Fig. 5.2C, left panel, Tab. S5.4). Far less KEGG pathway were overrepresented among the
MeHg regulated PS. There was no pathway at 10 µM, and only 7-11 pathways at 15-20 µM
(Fig. 5.2C, right panel, Tab. S5.4).

Graphical representation of concentration dependent changes in key biological
processes
To provide a basis for toxicological judgement, it is necessary to find measures of how far a
cellular transcriptome moves away from the normal ground state. In previous work, we defined
a two-dimensional teratogenicity index (Waldmann et al. 2014) and captured transcriptome
deviations in developmental models by the two measures of developmental potency and developmental index (Shinde et al. 2016a). For the more acute neurotoxic exposure used here,
we designed an analogous 2D neurotoxicity display. The underlying principle was to plot the
various experimental conditions in a diagram with the number of altered PS as x-axis, and the
oGO or overrepresented KEGG pathways on the y-axis. The overall distance from the origin
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describes the extent of cell disturbance, with the direction of the deviation informing on the
degree to which coordinated processes are being disturbed (instead of relatively random disturbances of non-related genes). The acute neurotoxic exposure conditions used in the present
study showed a progressive activation of oGO/KEGG with increasing overall transcriptome
changes (PS), while the developmental neurotoxicity protocol used earlier (Waldmann et al.
2014) had shown a very distinctive step-wise change. As alternative approach to provide a
quick display of toxicant-induced changes, we used a display format that informs on the types
of key biological processes changed under different experimental condition. For this purpose,
the identified oGOs were further assigned to fourteen superordinate cell biological processes,
such as “non-neuronal differentiation” or “apoptosis” (Fig. 5.3A). This classification of oGOs
into superordinate cell biological process was done as described earlier(Waldmann et al. 2014)
to combine the hundreds of possible oGO to a small number of larger categories that could be
displayed graphically. The assignment to these categories is documented in the supplementary material (Tab. S5.2, Tab. S5.3). To exemplify the procedure, we chose four conditions.
For each test compound we picked the highest cytotoxic concentration and we chose for comparison a concentration triggering a biological response in the non-cytotoxic range (0.6 mM
VPA, 10 µM MeHg for upregulated PS; 3 mM VPA, 15 µM MeHg for downregulated PS): On
first sight, this display format indicates clearly that different types of processes are affected by
up- and down-regulated genes (Fig. 5.3A). These is a strong indication that gene regulation
follows an overall biological pattern and is not just a random event. Among the oGOs identified
among the upregulated PS for both compounds and independent of the concentration were
biological processes such as "non-neuronal differentiation", "signaling pathways". The overview also showed clearly that "cellular stress response" was more prominent for MeHg than
for VPA, and "cell death/apoptosis" was only overrepresented for MeHg. Among the downregulated PS, the two main topics were “nervous system associated” and “transcription”. This
agrees well with disturbed differentiation to neuronal cell types, as described earlier for
VPA.(Waldmann et al. 2014) The analyses up to this point indicated that fewer biological processes are affected on the transcriptional level by MeHg (than by VPA). This is consistent with
previous results (Krug et al. 2013b; Rempel et al. 2015) and agrees with the assumed mode
of action of VPA, i.e. a direct modification of the chromatin structure. The narrow window between transcriptional changes and induction of cell death that we observed for MeHg might be
due to a MoA of MeHg that directly affects vital proteins. MeHg is known to interact with cellular
thiols, and it may thereby kill cells without large coordinated changes on the transcriptome. For
experimental verification of such an assumed interaction of MeHg with pivotal enzyme activities we chose two protein candidates known to depend on free thiol groups for their function.
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Figure 5. 3: Superordinate biological processes and enzymatic activities affected by toxicants
(A) The GO elim algorithm was used to identify oGOs (p < 0.01) amongst up- and downregulated PS. They were
then assigned to 15 (14 as specified in the legend plus "others") superordinate biological processes. The number
of oGO in each of the 14 defined processes is displayed as ring diagram. The segment sizes (in radiants) correspond to the percentage of oGO in a superordinate biological process, relative to all classified oGO, with 180°
corresponding to 100%). Each ring diagram shows four experimental conditions. Two concentraions of VPA (left)
and two of MeHg (right). The full information of all concentrations is given in supplementary tables S2 and S3. The
toxicant concentrations chosen for display correspond to the highest concentration for each compound (cytotoxic;
inner circle) and to the respective lowest concentration (outer circle) triggering a significant biological effect (= regulating GOs). (B) Isolated enzymes were used for activity assays in the presence of the indicated toxicant concentrations. The measured activities were normalized to enzyme activity in the absence of toxicant and expressed in
%. Enzyme inhibition was calculated as "100 - % activity". Data are means ± SD from triplicate determinations. *: p
< 0.05.

The activity of glutathione reductase (GSR) and isocitrate dehydrogenase (ICDH) was measured under various experimental conditions (Fig. 5.3B). We found that MeHg directly inhibited
the two enzymes in a concentration range relevant to our studies. In contrast, no inhibition was
observed by VPA, even in the high mM range. These findings may be important for the interpretation of transcriptome studies in developmental toxicology: for some compounds, like VPA,
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pronounced changes of the mRNA pattern can be observed, and these may inform to some
extent on the MoA of the compound. On the other hand, there are also toxicants, like MeHg,
that mainly act via direct enzyme inhibition, and the window between cellular responses triggered by such inhibition, and immediately ensuing cell death can be very narrow. Under such
conditions we might not be able to clarify the mode of action (MoA) of a drug (with respect to
developmental disturbances under non-cytotoxic conditions) by transcriptome analysis. However, we may still identify a common signature of gene expression alterations for cytotoxicity.
This approach was further followed in the present study.

Figure 5. 4: Concentration dependent regulation of biological processes.
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(A) Quantitative GO activation scores were calculated for each concentration by multiplying ‘the percentage of
genes within the GO that was found to be significantly regulated’ with ‘the average fold change of these regulations’.
The analysis was performed for all GO terms that were overrepresented at least at one toxicant concentration. For
the exemplary GO terms indicated in the figures, the names are indicated either directly on the lines or in the legend
(for those where space constraints precluded direct labelling). Examples are representatives of different profiles of
GO activation scores (see Tab. S5 for a complete list). (B) Two major "topics" identified amongst the GO activation
profiles in (A), i.e. "cell death" and the "development of other (non-neuronal) lineages" are displayed for direct
comparison of curve shapes. To allow this, the concentration data were re-classified as to their relative position to
the cytotoxicity threshold. For transparency reasons, the real concentrations for each data point are indicated within
the graphs.

Concentration dependence of the activation of biological processes for different
compounds
We followed up on the question, in how far different compounds trigger a coordinated transcriptional response already in the non-cytotoxic range or only at concentrations associated
with cell death. For this purpose, we decided to follow the regulation of entire GO groups,
instead of individual genes, by examining gene ontology activation profiles. To obtain these,
we applied a relatively new bio statistical method (Waldmann et al. 2014) that analyzes the
activity (up- or down-regulation) of genes annotated to a GO group across all concentrations.
For VPA, most of the monotonic activation profiles referred to GO terms from the superordinate
biological processes “stress response” and “non-neuronal lineages”. They included "response
to inorganic substance", "response to hypoxia" or "circulatory system development". Activation
profiles that started only at the highest VPA concentrations referred mostly to “apoptotic processes”, but also an oGO relating to “circulatory system development” emerged at this high
concentration (Fig. 5.4A left panel). Thus, several coordinated responses were triggered by
VPA in the non-cytotoxic range. This set of responses may inform on the MoA of VPA as
developmental toxicant. On the other hand, the responses triggered in the cytotoxic range may
be less important for information on the MoA as developmental toxicant. For MeHg, the situation looked different: few GO were activated at non-cytotoxic concentrations, and these included “regulation of apoptosis”. These data indicate that for MeHg, at the conditions used
here, there was only a very small concentration span that triggered transcriptional changes
independent of cytotoxicity (Fig. 5.4A right panel). The full overview of all GO activation profiles
is given in supplementary material (Tab. S5). For a better comparison of VPA and MeHg, concerning the two main topics among the GO activation profiles, “cell death” and the “induction
of non-neuronal lineages”, we constructed a direct graphical comparison (Fig. 5.4B): to align
information on two compounds with different concentration ranges, we used an x-axis that was
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scaled according to the study concentrations steps below (negative numbers) and above (positive numbers) the cytotoxicity threshold. By this transformation, the compound concentration
ranges were aligned for their cytotoxicity threshold. When GO activation scores were plotted
in this way, it got particularly evident that the regulation of cell death pathways was already
initiated at low (relative to the cytotoxicity threshold) concentrations of MeHg, but only at high
(cytotoxic) concentrations of VPA (Fig. 5.4B, left panel). On the other hand, GO groups that
indicate a wrong differentiation track were induced already at low concentrations of VPA, but
only above the cytotoxicity threshold of MeHg (Fig. 5.4B, right panel). In summary, by using
and comparing two largely different compounds, we found that there are some common biological processes triggered at cytotoxic concentrations, but large differences are observed for
processes triggered at non-cytotoxic concentrations. While the latter ones may inform on the
MoA of developmental toxicants, the former ones may inform on direct neurotoxicity or other
acute effects of chemicals. We proceeded to look for more descriptors of the cytotoxicity indicators.

Figure 5. 5: Grouping of overrepresented KEGG pathways in superordinate biological processes
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(A)The KEGG pathways determined in Figure 2C were assigned to the pathway groups given by the KEGG data
base itself. The number of identified pathways in each group is displayed as spider diagram. The axes correspond
to the number of significant KEGG pathways belonging to the groups. For this analysis, the highest cytotoxic (in
orange) and the highest non-cytotoxic (green) concentration for each toxicant (VPA: left panel; MeHg: right panel)
were used. The pathways that were "activated" (= overrepresented amongst regulated genes) by cytotoxic concentration, but not by non-cytotoxic concentrations were determined. These pathways were then compared for MeHg
and VPA, and those that were activated by both toxicants are indicated. (B) Genes were selected based on their
role in common KEGG pathways. The main criterion was regulation into the same direction by both compounds
(VPA and MeHg). In a second step, we only retained the genes that were regulated under all cytotoxic conditions,
and that showed a ≥ 4-fold change for at least one condition. For each gene, the pathway from which it was selected
is indicated.

Identification of KEGG pathways over-represented amongst toxicant-altered genes
The KEGG pathway database provides an alternative resource to map genes against potential
signaling pathways relevant for toxicity. There are significantly fewer KEGG pathways than GO
terms. The pathways are manually assembled, and the curation level is significantly higher
than for the GO database. Moreover, the pathways are already assigned to seven superordinate groups (Kanehisa and Goto 2000; Ogata et al. 1999) in the database. We explored here,
whether KEGG pathways were over-represented amongst the genes found to be regulated in
our study. We pooled the up- and downregulated PS for this analysis (as pathways obviously
contain positive and negative regulators). The number of KEGG pathways overrepresented
with either the highest non-cytotoxic or the highest cytotoxic concentration were identified.
These pathways all fell into five of the seven KEGG pathway groups, i.e. human disease, cellular process, organismal systems, metabolism and genetic & environmental information processing (here named “signal transduction”). Both compounds clearly regulate more pathways
related to cellular metabolism, when the concentration was beyond the cytotoxicity threshold.
A presentation of the data in the form of spider diagrams also showed that the information
extracted from the KEGG data base clearly differed from the one of GO overrepresentation
analysis. For instance, mercury affected a relatively high number of pathways, already at noncytotoxic concentrations (consistent with direct enzyme inhibition), and over ten pathways relevant for human disease were found, while there was only one for VPA (Fig. 5.5A). We used
the KEGG analysis to select pathways that were only regulated at cytotoxic concentrations
(but not at lower drug exposure) by MeHg and VPA. The full list of overrepresented KEGG
pathways is given in supplementary material (Table S5.4). Two metabolism pathways fulfilled
the above condition: “glutathione metabolism” and “nitrogen metabolism”. For closer examination, we focused on glutathione metabolism, as there is ample evidence for its involvement in
cell death regulation.(Franco and Cidlowski 2012) A large fraction of all genes involved in core
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glutathione metabolism was regulated, and none of the genes was regulated in opposite directions by VPA and MeHg. However, there was no easily intuitive pattern of regulation that
would indicate whether the overall pathway was up- or downregulated. The data mainly indicate a general disturbance and imbalance of this metabolic network (Fig. 5.6A; for full names
of the indicated genes see Fig. S5.3). Besides the metabolism pathways, the KEGG p53 network was regulated under four cytotoxic (4/5 mM VPA; 20/40 µM MeHg) and the highest noncytotoxic concentration of MeHg. Only two out of 24 toxicant-affected genes of this pathway
were regulated into different directions (MDM2 and Cyclin D) by VPA and MeHg (Fig. 5.6B).

61

Results- manuscript 1: Stem cell transcriptome responses and corresponding
biomarkers that indicate the transition from adaptive responses to cytotoxicity

Figure 5. 6: Schematic representation of the two main pathways affected by cytotoxic concentrations of
VPA and MeHg
(A) Schematic representation of the glutathione metabolism. Metabolites are printed in black; enzymes are indicated
in red and positioned at the respective metabolic nodes. The genes that were regulated and belong to this pathway
are color coded as described in (A). GCLC and GCLM are subunits of γ-glutamyl-cysteine ligase; GSTx are different
isoforms of glutathione-S-transferase. (B) Schematic representation of the p53 pathway. The regulation of the
genes belonging to the pathway is color-coded with red for upregulation and blue for downregulation. Light colours
indicate the regulation by MeHg and full red / blue the regulation by VPA. Non-color coded genes were not regulated
in this study but they are displayed to show the relationship between the genes. The pathway is adopted from the
KEGG pathway database.
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Identification of consensus cytotoxicity genes
A first approach to arrive at potential candidate biomarkers of cytotoxicity was to select the
genes from the KEGG pathways that were overrepresented amongst the toxicant-regulated
genes. These were then further selected, based on the extent of their regulation (Fig. 5.5B).
An alternative approach to identify marker genes of cytotoxicity is to determine individual genes
that are regulated only at cytotoxic concentrations, by different compounds and under various
experimental conditions. Data sets that would allow such an analysis are still relatively rare for
stem cell based toxicity test systems. Therefore, we used the data generated in the current
study, and we combined them with data from our recently published concentration study with
VPA (Fig. 5.1D).(Waldmann et al. 2014) As the data sets contained more than one cytotoxic
concentration, we combined the differentially expressed PS from all cytotoxic concentrations
for one given compound (e.g. 3 mM, 4 mM and 5 mM VPA for the two days (d4 – d6) treatment
protocol) and the duplicate PS were removed. The same procedure was followed for the noncytotoxic concentrations; here we pooled e.g. 0.6 mM and 1 mM for VPA (d4 – d6) or 10 µM
and 15 µM MeHg. The resulting genes were defined as the "non-cytotoxic pool" of genes. To
identify consensus genes, we determined transcripts that were up- (Fig. 5.7A) or downregulated (Fig. 5.7B) exclusively by cytotoxic concentrations. The overlap between the two VPA
treatment scenarios (DoD4 – 6 and DoD0 – 6) resulted in 396 upregulated (Fig. 5.7A) and 405
downregulated (Fig. 5.7B) cytotoxicity-associated genes. The overlap between VPA and MeHg
(d4 – d6) included 39 up- and 170 downregulated genes (boxes A and B in Fig. 5.7A,B). Finally,
the overlaps of all three conditions revealed 12 up-regulated and 48 down-regulated common
genes regulated under cytotoxic conditions. The latter group (Fig. S5.4, overall consensus)
may be particularly interesting for developmental toxicity studies, as these genes are regulated, both in the standard UKN1 developmental toxicity test and in the more acute neurotoxicity scenarios after short (48 h) exposure. In order to identify potential biomarkers of toxicity,
we further filtered the above pool of genes from the present study (Fig. 5.7C). A first filter step
eliminated genes that were not regulated by all cytotoxic concentrations, e.g. a gene that was
regulated by 4 mM VPA, but not by 3 mM VPA, was sorted out. The next requirement for a
gene to be selected for the list of potential biomarkers was that it had to be regulated by more
than 2-fold in at least one cytotoxic condition. From this, we obtained a list of Potential Candidate Biomarkers (Fig. S5.4). In a subsequent filter step, only genes were retained, if they were
more than 4-fold regulated in at least one cytotoxic condition. This final pool of candidate biomarkers comprised 24 genes (Fig. 5.8A). Several of the candidate biomarkers were also
identified upon 6-day exposure to VPA as cytotoxicity markers, and they may therefore be
used directly within the UKN1 system. For others, more exploratory work with a larger set of
chemicals will be required.
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Figure 5. 7 : Overlap of genes upregulated by cytotoxic concentrations
The differentially up- (A) and down- (B) regulated PS from the cytotoxic and non-cytotoxic concentrations were
pooled and the duplicates were removed from the resulting list of genes. The cytotoxic "only" pool was determined
by overlapping with the non-cytotoxic pool followed by a subtraction of the common genes. The number of genes
overlapping between various "cytotoxic only " conditions (= cytotoxicity consensus genes) is given in the orange
boxes.
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The following concentrations were used to define the cytotoxic pool: VPA (DoD4 – DoD6) 3 mM, 4 mM and 5 mM;
VPA (DoD0 – DoD6) 800 µM, 1000 µM; MeHg (DoD4 – DoD6) 20 µM. For the non-cytotoxic pool, the following
concentrations were used: VPA (DoD4 – DoD6) 0.6 mM, 1 mM; VPA (DoD0 – DoD6) 350 µM, 450 µM, 550 µM;
MeHg (DoD4 – DoD6) 10 µM, 15 µM. (C) Selection scheme for the candidate biomarker list. The algorithm used as
input the consensus genes between neurotoxic conditions (Box A and B). Then, two further filters were applied to
obtaine a list of potential biomarker candidates: the gene should be regulated at all cytotoxic concentrations, and
regulations should be more than 2-fold with at least one of the cytotoxic concentrations. A final list was obtained by
retaining only the genes that were regulated at least 4-fold in at least one condition. The results are given in in Fig.
5.8A.

Further, we aimed to investigate the separation power of the 39 candidate biomarkers. Therefore we performed a principal component analysis (PCA) on the basis of these 39 genes (Fig.
8B). The PCA showed a clear separation of the cytotoxic and non-cytotoxic concentration
range. This could be the basis for the development of new prediction models, however more
substances need to be tested in the future to further validate these candidates. To exemplify
the performance of the candidate biomarker set, two genes were selected (on the basis of their
selective up-regulation). Their expression levels were determined under 5 non-cytotoxic and 4
cytotoxic experimental conditions. The results show that the conditions could be clearly distinguished on the basis of transcript markers (Fig. 5.S5). We therefore believe that it would be
worthwhile to further explore the set of marker genes suggested here, and to validate their
performance in multiple experimental situations.
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Figure 5. 8 : Candidate biomarkers for cytotoxicity s determined by the overlap approach.
(A) All genes that fulfilled the selection criteria from figure 7C are listed. Up-regulated genes are highlighted in red
and down-regulated genes are marked with blue boxes. The consensus groups from which the genes were derived
are indicated: “neurotox” means that the gene is regulated by both VPA and MeHg after 48 h exposure (DoD4 – 6);
“overall” means that the gene is regulated by all neurotoxic conditions AND by VPA DoD0 – 6. Such genes were
printed in bold font. (B) The expression changes of the 39 potential biomarker genes are displayed in form of a twodimensional principal component analysis (PCA) diagram. Each point represents one experiment (= data from one
microarray), and the color coding indicates the concentrations as given in the legend. The form of the data points
indicates the compound and treatment duration (circle: VPA DoD4 – DoD6, triangle: MeHg DoD4 – DoD6) used in
the experiment. The axis labeling indicates the percentage of the overall data variance covered by the respective
axis. Controls (data from untreated cells) have been subtracted from the data displayed, so that the PCA displays
"deviation from control".
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5.5.

Discussion

The occurrence of cytotoxicity can substantially influence and distort the outcome of a gene
expression study. Therefore, we aimed to identify genes that are exclusively changed by cytotoxic concentrations. Availability of such information could provide alerts for transcriptome data
sets, and inform on ongoing cell death in a test system as confounder of the transcriptome
data. As a first approach to this issue, we have used in our study two largely different toxicants,
each at several non-cytotoxic and cytotoxic concentrations; then the associated transcriptome
changes were measured and analyzed. We believe that the MoA of the test compounds chosen represent extremes of the potential spectrum relevant to developmental toxicants: (i) on
the one hand, the HDAC inhibitor VPA affects gene expression directly by altering the cells’
epigenetic state. Thus, large transcriptome alterations occur at non-cytotoxic conditions, and
eventually cytotoxicity results from an excessive disturbance of the cellular gene regulation;
(ii) on the other hand, MeHg has no direct effect on transcription, but rather inhibits a large set
of enzymes and other proteins with vital functions. This can directly lead to cell death, and
changes of transcription are secondary to the failure of cellular signaling and regulations.
Therefore, only few genes are altered under non-cytotoxic conditions by MeHg. These differences of the toxicants were reflected by the induction of different KEGG pathways as well as
the overrepresentation of different GO groups amongst regulated genes. Despite these large
differences in MoA and ensuing transcriptional changes, we identified a small set of 34 commonly regulated genes changed selectively under cytotoxic conditions. Such transcripts could
serve as indicators for the onset of cytotoxicity, and should be further profiled as biomarkers
for such a process in follow-up work. In our first pathway-based approach, we elucidated which
pathways are overrepresented amongst the genes that are regulated in the presence of cytotoxicity but not under non-cytotoxic conditions. Besides glutathione and nitrogen metabolism
pathways, the “p53 pathway” was significantly regulated under four cytotoxic conditions. Although it was also regulated with the highest non-cytotoxic concentration of MeHg, we still selected this apoptosis-related pathway for more detailed analysis: we found both up- and downregulated genes within the pathway. Data on the effector genes of the pathway suggest that
there was an overall up-regulation, as p21, 14-3-3-σ, and reprimo (involved in p53 mediated
G1 arrest) as well as the apoptosis genes CASP8 and NOXA were upregulated. However, the
situation (based on transcript information) is not entirely unambiguous, as the master regulator
of the pathway, p53 itself, was downregulated by VPA, and one of the inhibitors of the pathway,
p14ARF, was upregulated. We believe that some of the genes that are consistently regulated
by both compounds, and that belong to pathways important for the regulation of cell death,
may be considered candidate biomarkers of cytotoxicity for gene expression studies, but p53
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itself may not be such a well-suited candidate due to its pronounced posttranscriptional regulation(Kruse and Gu 2009) and its involvement in too many different regulations, and counterregulations. In a second approach we mined the transcriptome response data for cytotoxic
concentrations of VPA and MeHg to identify consensus genes. This revealed 24 candidate
biomarkers. Eleven of these were also regulated upon 144 h exposure to VPA. Some of these
latter genes, such as DLL1, NR2E1 or SOX1, are involved in neurodevelopment.(Islam and
Zhang 2015; Kiefer 2007; Teodorczyk and Schmidt 2014) It is unlikely that they will be useful
as cytotoxicity marker as these genes may be down regulated rather as a secondary response
induced by cellular death, and they may rather indicate a disturbed development. In general,
we feel that down-regulated genes are difficult to interpret as cytotoxicity markers. We suggest
a preferential use of up-regulated markers, which do not have a direct functional role in neurodevelopment. Three candidates found here are: FLT1, RBM20 or SDK2. FLT1 (fms-like tyrosine kinase 1) encodes a member of the vascular endothelial growth factor receptor (VEGFR)
family and plays a role in angiogenesis and cell survival.(Orlandi et al. 2010; Shibuya et al.
1990) RBM20 (RNA binding motiv protein 20) codes for a protein that binds RNA and is involved in splicing.(Maatz et al. 2014) SDK2 (sidekick cell adhesion molecule 2) encodes an
adhesion molecule that promotes synaptic connectivity in the retina(Krishnaswamy et al. 2015)
and is regulated by p53.(Brynczka et al. 2007) Therefore these genes might be the most promising candidates to indicate cytotoxicity in transcriptomics data sets of the UKN1 test system
or other neurodevelopmental assays. Further experimental studies are required to test the
usefulness of the genes as biomarkers, and they could then be investigated with faster and
cheaper technologies (PCR) in the future. Gene expression data are more and more combined
with classical readacross methods for risk assessment and several toxicological databases
arose over the last years for this purpose.(Lock et al. 2012; Low et al. 2011; Uehara et al.
2010) One reason for this may be that gene expression changes may be a more sensitive and
earlier endpoint because they usually precede the occurrence of apical signs (e.g. histopathological changes, organ toxicity) of adverse effects.(Daston 2008; Jennings et al. 2013) For
instance, data from the TG_GATES database (Uehara et al. 2010) indicate that gene expression patterns obtained at very early experimental phases could predict later hepatotoxicity to
some extent.(Low et al. 2013; Low et al. 2011) However, toxicogenomics approaches still have
many shortcomings and often resulted in poor predictions. One reason for this may be that
time and concentration-dependencies need to be taken into account. A simple example for this
is that too low concentrations have the risk of false negative results, whereas too high concentrations of a toxicant induce cell death and the interpretation of the results may become hard
to impossible. Such effects are particularly important for developmental toxicity test methods.
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In this domain, non-cytotoxic concentrations are usually the most important ones, and triggering of cell death will in many cases (except compounds like methylazomethanol or 5-fluorouracil(Kadereit et al. 2012b; Smirnova et al. 2015)) lead to distorted transcriptome patterns. While
the objective of studies of organ toxicity (e.g. neurotoxicity) is to find transcriptome changes
that correlate with organ toxicity (which can involve death of cells in that organ), the situation
is different for developmental toxicity. Here, there is a major interest in finding out what is
altered at non-cytotoxic concentrations in order to predict risks of e.g. malformations. The intentional or unintentional use of higher concentrations may lead to artifacts and misinterpretations. Therefore there is a need for biomarkers of cytotoxicity for such studies. However, such
biomarkers are difficult to obtain from the developmental toxicity test systems itself, as alterations of gene expression due to cytotoxicity are hard to distinguish from changes that are due
to altered differentiation. In fact, most of the transcriptome change triggered in the UKN1 test
system triggered by toxicants is due to altered development states of the cells,(Balmer and
Leist 2014; Rempel et al. 2015) and even when cytotoxic concentrations are used, only minor
changes in signaling pathways are observed.(Waldmann et al. 2014) A closer examination of
the various differentiation phases of the assay showed that most developmental changes occur
during the first 96 h,(Balmer et al. 2014; Balmer et al. 2012) while very little change is observed
during the last 48 h. In fact, exposure to the toxicant only during the last 48 h, or from day 4-8
(instead of 0-4) did not change the differentiation track at all.(Balmer et al. 2012) For this reason (direct identification of cytotoxicity genes), cells were exposed here to toxicants during the
last 48 h of the 6-day time course of UKN1 differentiation. Sometimes it can be hard or even
impossible to derive clear mechanistic information from the differentially expressed genes
identified by a transcriptomics approach. For instance, it may be hard to distinguish the regulated transcripts relevant for the MoA of the toxicant from other transcripts regulated because
of cellular adaptations, counter-regulation or differentiation. Nevertheless, regulated genes
may be helpful as biomarkers of response. This is for instance important in cancer studies, or
other clinical approaches, in which healthy tissue is compared to diseased tissue. In such studies, an important aim is to identify biomarkers that can eventually be detected by cheaper and
easier methods.(Janvilisri 2015) Such biomarkers are unbiased and independent of any expert
knowledge, however often they do not give any mechanistic insight into the toxicants’ MoA or
AOP. An approach to avoid such issues would be to identify pathways of toxicity (PoT). Even
with elaborate data mining approaches the problem remains that activation of a given a pathway can have protective and pro-apoptotic consequences. For example, the p53 pathway,
which we identified in this study to be induced by cytotoxic concentrations, is activated by
several upstream events, such as DNA damage or telomere shortening.(Jennings et al. 2013)
This serves in the first place as an adaption / repair mechanism by inducing cell cycle arrest
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via the cyclin-dependent kinase inhibitor 1A (CDKN1A or p21) and the growth arrest and DNA
damage inducible gene 45A (GADD45A).(Moskalev et al. 2012) But the p53 pathway activation
can also lead to the expression of pro-apoptotic genes, such as PUMA or NOXA, eventually
leading to cell death.(Kruse and Gu 2009) The type of p53 response that predominates is
determined by post-translational modifications of the protein. For instance, acetylation of p53
tends to be associated with apoptosis, whereas the "repair"-function is activated via phosphorylation of p53.(Kruse and Gu 2009) For this reason, we feel that the mechanistic information
provided by individual transcripts is limited. However, this does not mean that it is useless.
First, we have shown here that there is a coordinated regulation of transcripts across entire
pathways or biological domains, and we have higher confidence in the predictivity of such
changes of biological patterns instead of individual markers. Second, there may be a value of
individual genes as alerts of an ongoing response, even though the mechanistic link may still
be unclear. In summary, we have explored the emergence of such markers, using different
approaches, either starting from single genes, or from various biological patterns. A marker
set, derived from extensive analysis of broad concentration-response information has been
assembled here. It will be interesting to design further studies to test whether transcriptomics
alone is sufficient to conclude on a PoT. An alternative approach would be to use multi-omics
approaches,(Carreras Puigvert et al. 2013; Krug et al. 2014; Wilmes et al. 2013) in order to
distinguish if a potential PoT is activated and relevant. Further experimental studies will also
be required to assess the usefulness of potential biomarkers identified here by bioinformatics
approaches. On the basis of such studies, it will then be necessary to define quantitative prediction models for the use of such biomarkers in defining cytotoxicity.
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Figure S5. 1: Heatmap analysis for VPA and MeHg
Heatmap of the transcriptome data of (A) VPA and (B) MeHg (after exclusion of the concentration 40 µm). The
absolute gene expression values (log2-scaling) of the top-100 probesets with the highest variance were color-coded
for display. Each row represents one gene and each column one experiment. The color-coding legend at the top
of the heatmap indicates the concentrations and the independent experiments. All samples (columns) were clustered (Euclidean distance) on the basis of gene expression values for this set.
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Figure S5. 2: Comparison between the classic and the elim TopGO algorithms
Exemplary illustration of the subgraphs related to the GO term “Regulation of transcription“ (GO:0006355) using
two different algorithms. (A) The graph represents the TopGO classic. (B) The graph represents the TopGO elim
algorithm. While the ‘elim’ algorithm iteratively removes the genes mapped to significant GO terms from more general (higher level) GO terms, the ‘classic’ algorithm does not consider dependencies between GO terms. The subgraphs were generated by using PS downregulated by 3 mM VPA (p-value < 0.05 after FDR correction, |FC| > 1.8).
Each node represents a GO term and each edge a familial link between the two respective GO terms. The colors
of the nodes encode the magnitude of the p-values, ranging from dark red (most significant) to white (least significant). The p-values indicate the relative significance of the terms with respect to overrepresentation of their members (A) or specific members (B). (C) Table for the three most significant GO terms by the elim algorithm.
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Figure S5. 3: Differentially expressed genes
involved in p53 and glutathione metabolism
pathways
The differentially expressed genes that were determined to be involved in the p53 pathway (A)
and the glutathione metabolism pathway (B) are
listed in the table. The official gene name and the
full name of the genes are given.
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Figure S5. 4: Complete
list

of

potential

bi-

omarkers
Potential biomarkers for
cytotoxicity are chosen according to the scheme in
Figure 5.7C. The numbers
represent the fold change
compared

to

untreated

control. The source of
overlap is given according
to

Figure

5.7.

Genes

marked in blue are members of the priority list
shown in Fig. 5.7.
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6.1.

Summary

The first in vitro tests for developmental toxicity made use of rodent cells. Newer teratology
tests, e.g. developed during the ESNATS project, use human cells and measure mechanistic
endpoints (such as transcriptome changes). However, the toxicological implications of mechanistic parameters are hard to judge, without functional/morphological endpoints. To address
this issue, we developed a new version of the human stem cell-based test STOP-tox(UKN). For
this purpose, the capacity of the cells to self-organize to neural rosettes was assessed as
functional endpoint: pluripotent stem cells were allowed to differentiate to neuroepithelial cells
for six days in the presence or absence of toxicants. Then, both transcriptome changes were
measured (standard STOP-tox(UKN)), and cells were allowed to form rosettes. After optimization
of staining methods, an imaging algorithm for rosette quantification was implemented and used
for an automated rosette formation assay (RoFA). Neural tube toxicants (like valproic acid),
which are known to disturb human development at stages when rosette-forming cells are present, were used as positive controls. Established toxicants led to distinctly different tissue organization and differentiation stages. RoFA outcome and transcript changes largely correlated
concerning (i) the concentration-dependence, (ii) the time-dependence, and (iii) the set of positive hits identified amongst 24 potential toxicants. Using such comparative data, a prediction
model for the RoFA was developed. The comparative analysis was also used to identify gene
dysregulations that are particularly predictive for disturbed rosette formation. This ‘RoFA predictor gene set’ may be used for a simplified and less costly setup of the STOP-tox(UKN) assay.
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6.2.

Introduction

The assessment of compounds that potentially trigger developmental neurotoxicity (DNT) is a
major challenge in the field of toxicology. The standard test, according to OECD test guideline
TG426, has only been applied to few chemicals as DNT testing is not usually mandatory
(Fritsche et al. 2018b; Smirnova et al. 2014; van Thriel et al. 2012). For instance in the context
of REACH, there is only a requirement for DNT data, if there is a neurotoxic alert from standard
guideline studies (Terron and Bennekou 2018). However, more and more evidence arises that
chemical and other stressors acting during prenatal periods or early childhood are correlated
to later neurodevelopmental abnormalities. These include learning deficits, susceptibility to
neurodegenerative diseases and to neuropsychiatric conditions, as well as congenital malformations such as neural tube defects (e.g. spina bifida, exencephaly) (Fritsche et al. 2018b;
Grandjean and Landrigan 2006; Grandjean and Landrigan 2014b; London et al. 2012;
Smirnova et al. 2014). Current DNT risk assessment is based on animal data only. This strategy makes it hard to measure human-specific health deficits, such as language impairments
or effects on complex cognitive and social behavior. Even more importantly, it is associated
with problems of species extrapolation.The use of batteries of human cell-based new approach
methods (NAM) has been suggested as alternative testing approach for different regulatory
areas concerned with pesticides, drugs and industrial chemicals (Bal-Price and Fritsche 2018;
Fritsche et al. 2017; Harrill et al. 2018; Terron and Bennekou 2018). The concept behind these
NAM is that brain development requires the activation of so-called key neurodevelopmental
processes (KNDP) (Aschner et al. 2017; Bal-Price et al. 2015), which can be studied one by
one with appropriate in vitro systems. These KDNPs comprise the generation and migration of
neural stem / precursor cells, the differentiation of neuroepithelial cells into specific cell types,
and neuronal network building (Aschner et al. 2017; Bal-Price et al. 2018a; van Thriel et al.
2012). It is thought that DNT can occur when a compound interferes with at least one of these
processes. On this basis, test methods have been established that model such KNDP (Fritsche
et al. 2018a; Harrill et al. 2018; Schmidt et al. 2017). They detect toxicant effects on e.g. cell
migration (Nyffeler et al. 2017a; Nyffeler et al. 2017b), neurite growth (Krug et al. 2013a; Radio
et al. 2008; Stiegler et al. 2011) or formation of electrical networks (Frank et al. 2017; Frank et
al. 2018). An added value of the use of the NAM strategy is that a better mechanistic information about the tested chemicals’ actions can be obtained, and the concept of adverse outcome pathways (AOP) (Leist et al. 2017) can be used on the basis of such data (Baker et al.
2018). STOP-tox(UKN) (also referred to as UKN1) is a recently developed (Krug et al. 2013a)
NAM that models the very early steps of neurodevelopment, such as neural induction and
differentiation. The test method is based on the differentiation of pluripotent stem cells (PSC)
79

Results- manuscript 2: Development of a neural rosette formation assay (RoFA) to identify
neurodevelopmental toxicants and to characterize their transcriptome disturbances

into neuroepithelial precursor (NEP) cells that correspond roughly to the cells that build up the
neural plate / neural groove (Balmer et al. 2014; Balmer et al. 2012). STOP-tox(UKN) was developed to follow the KNDP “early neural differentiation”, and gene expression analysis was
used as the primary endpoint (Balmer et al. 2014; Krug et al. 2013a; Shinde et al. 2015;
Waldmann et al. 2017; Waldmann et al. 2014). Transcriptomics has proven to be a powerful
tool for assessing disturbances of differentiation, also on a fully quantitative level (Shinde et al.
2016a; Waldmann et al. 2017; Waldmann et al. 2014). Extensive characterization has been
performed on how to use transcriptomics data in toxicological hit definition (Dreser et al. 2015;
Pallocca et al. 2016; Shinde et al. 2016b; Weng et al. 2012). However, chemicals may also
trigger transcriptome changes that are not related to altered differentiation patterns (Balmer et
al. 2014; Grinberg et al. 2014; Waldmann et al. 2017). To conclude on the toxicological significance of a disturbed gene expression pattern, there is a need for a functional phenotypic
anchoring of the gene expression changes to an unambiguously adverse outcome in the culture dish. This can be used to answer the question whether the gene expression changes have
a (toxicologically-relevant) functional consequence during subsequent development or in later
life. Such a “phenotypic anchor” could be a structural feature or a specific protein expression
that can be measured in the cell culture dish. For instance, neurite outgrowth measures of
peripheral (Hoelting et al. 2016) and central neurons (Krug et al. 2013a) have been used for
toxicant screening purposes (Delp et al. 2018). Alternatively, quantification of oligodendrocyte
surface markers (Baumann et al. 2014; Baumann et al. 2016) or synaptic marker proteins
(Mundy et al. 2008) have also been used for toxicological approaches to connect gene expression changes to an adverse outcome. Another strategy for a phenotypic anchoring focuses on
cellular functions, rather than on static features. A prime example is the mouse embryonic stem
cell test (mEST) that measures the beating capacity of cardiomyocytes in vitro (Seiler and
Spielmann 2011). Another functional endpoint for phenotypic anchoring is represented by the
electrical network properties of mature neurons (Frank et al. 2017; Frank et al. 2018). One
functional feature particularly useful for DNT studies could be self-organization of cells to form
tissues and organoids (Beccari et al. 2018; Lancaster et al. 2017). The self-organization process relevant for neural tube formation is reflected in cell culture dishes by neural rosette formation (Chambers et al. 2009; Colleoni et al. 2011; Conti and Cattaneo 2010). Neural rosettes
are nestin-positive structures formed by neuroepithelial cells in a way that ZO1 and cadherinN are expressed only at the inside, while proliferation only occurs on the outside. They are
characterized by high expression of rosette signature genes, such as PLAGL1, DACH1, and
PLZF (Elkabetz et al. 2008). We studied here, whether rosette formation could be used as a
robust and quantifiable endpoint for the early neurodevelopmental toxicity test STOP-tox(UKN).
We set out to develop improved staining and quantification procedures. The main questions
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then were, whether rosette formation correlates with (i) the transcriptome changes for different
toxicant concentrations, (ii) with incubation times and (iii) with effects of diverse toxicants. Using this information, statistical classifiers were developed to identify DNT compounds. Moreover, transcript changes that were particularly predictive for adverse outcomes, were identified.
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6.3.

Materials and Methods

Materials
Gelatine, putrescine, sodium selenite, progesterone, apotransferrin, glucose, insulin and
ascorbic acid were obtained from Sigma (Steinheim, Germany). Accutase was from PAA
(Pasching, Austria). FGF-2 (basic fibroblast growth factor), FGF-8b, sonic hedgehog and noggin were obtained from R&D Systems (Minneapolis, MN, USA). Y-27632, SB-43154 and dorsomorphine dihydrochloride were from Tocris Bioscience (Bristol, UK). MatrigelTM was from
BD Biosciences (Massachusetts, USA). All cell culture reagents were from Gibco/Invitrogen
(Darmstadt, Germany) unless otherwise specified. The compounds used for treatment including the suppliers are listed in the supplement (Fig. S6.1).

Neuroepithelial differentiation and rosette formation
The differentiation protocol was followed as described before (Chambers et al. 2009), with
minor changes (noggin concentration was only 35 ng/ml, dorsomorphin was added additionally), as operated in (Balmer et al. 2012; Chambers et al. 2011). Single cells (hESC) were
seeded on matrigel-coated plates (in a density of 18000 cells/cm²) and cultured until they
reached 75% confluency. Cells were supplied with fresh medium every day (previously conditioned for 24 h on mitomycin C-inactivated mouse embryonic fibroblasts; supplemented with
10 ng/ml FGF2 and 10 µM ROCK inhibitor Y-27632). On DoD0, differentiation was initiated by
adding knockout serum replacement medium (KSR) (Knockout DMEM with 15% knockout serum replacement, 2 mM Glutamax, 0.1 mM MEM non-essential amino acids and 50 μM betamercaptoethanol) containing 35 ng/ml noggin, 600 nM dorsomorphin and 10 µM SB-431642.
On DoD4, KSR medium was started to be replaced gradually by N2S medium (DMEM/F12
medium, 1% Glutamax, 0.1 mg/ml apotransferrin, 1.55 mg/ml glucose, 25 μg/ml insulin, 100
μM putrescine, 30 nM selenium and 20 nM progesterone), also supplemented with equal
amounts of noggin, dorsomorphin and SB-431642 as used for KSR medium. On DoD11 cells
were detached by incubation with accutase for 20 minutes. Cells were washed with 10 ml
DMEM/F12, counted and reseeded in a density of 150000 cells (cm²) in N2S supplemented
with 20 ng/ml FGF2, 100 ng/ml FGF8, 20 ng/ml sonic hedgehog, 20 µM ascorbic acid and 10
µM ROCK inhibitor Y-27632. For rosette formation assay matrigel coated 96 well plates, for
staining 24 well plates and for mRNA 12 well plates were used. On DoD13 medium was
changed to supplemented N2S without ROCK inhibitor. On DoD15 rosettes formed and were
analyzed.
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Experimental exposure
Standard treatment with toxicants was either performed in differentiating cells from DoD0DoD6 or as indicated in the respective figures (Fig. 6.7; time window treatment). The compound list including the concentrations is shown in the supplemental material (Fig. S6.1). Cells
were either harvested on DoD6 for microarray/RT-qPCR analysis or further differentiated until
DoD15. In order to determine cytotoxicity, a resazurin assay was performed on DoD6, exactly
as described previously (Krug et al. 2013b; Stiegler et al. 2011) and the EC10 concentration
was determined for the test compounds. Usually, the EC10 concentration was used for the
analysis of mRNA transcript levels at DoD6 and the rosettes formation at DoD15.

Immunostaining
For immunostaining, cells were either grown on plastic (96 well plates) or on cover slips. At
DoD6 or on DoD15, cells were ﬁxed in 4% paraformaldehyde and permeabilized in 0.3% Triton
X-100 in PBS. After blocking in PBS (containing 5% bovine serum albumin and 0.1% Triton)
for 1 h, primary antibodies were added (antibody concentration is indicated in Fig. S6.2) and
incubated for 1 h at room temperature (RT). After a washing step, secondary antibodies were
applied for 45 min at RT. DNA was stained with Hoechst H-33342, and cover slips were
mounted in FluorSaveTM reagent (Calbiochem, Merck).

Visualizing sialic acids using metabolic glycoengineering
In order to visualize cellular membrane and cellular arrangement into rosette structures, we
took advantage of the metabolic glycoengineering method, where cells metabolize a mannosamine variant containing an azide group and incorporate it into their membrane glycolipids/glycoproteins as sialic acids (Campbell et al. 2007). The azide-modified sialic acids can then be
visualized by coupling the azide group to biotin, and its subsequent fluorescent detection by
streptavidin-conjugated fluorescent dye (Sletten and Bertozzi 2009; Spate et al. 2014). Cells
were differentiated as described. On DoD11 cells were seeded in 300 μl medium/well in matrigel-coated 8-well glass bottom μ-slides (iBidi, Munich, Germany). On DoD13, medium was
changed to N2S medium containing FGF2, FGF8, Shh and ascorbic acid. On DoD14, medium
was replaced for N2S containing 70 μM of tetraacetylated mannosamine with an azide group
(Ac4ManNAz) (Jena, Germany). 24 h later, on DoD15, the sugar precursor was washed off
and sialic acids on the cellular membrane were stained by treatment with 100 μM dibenzocyclooctyne (DBCO)-biotin (Jena Bioscience, Germany) for 20 min, followed by 15 min incubation with 8 μg/ml streptavidin-AlexaFluor488 conjugate (Life Technologies, US) and 1 μg/ml
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Hoechst-33342. Afterwards, cells were fixed with 2% PFA containing 4% sucrose for additional
10 min and wash twice with PBS. Imaging was performed using a laser scanning confocal
microscope LSM 880 (Zeiss, Germany) equipped with gallium arsenide phosphide (GaAsP)
detector, using a 40x/NA 1.40 oil objective. For image processing, the Fiji program was used
(https://imagej.net/Fiji).

Quantification of rosette formation and viability assays
Cells were differentiated to neural rosette forming cells until DoD15 in 96 well plates. Immunostaining of tight junction protein zona occludens 1 (ZO1), golgi matrix protein 130
(GM130) as well as nuclear staining with Hoechst H-33342 was performed as described
above. For each treatment, at least three replicates and for untreated control, six replicates
were stained and about 50 images of the whole well were taken by Cellomics automated microscope (Thermo Fisher Scientific) for each channel. Rosettes per well and the nuclei area
per well was determined by Konstanz information miner software (KNIME) (Berthold et al.
2007). Data was displayed as rosettes/nuclei area relative to the untreated control. All rosette
data shown in the paper were obtained at non-cytotoxic concentration (no change (of > 10%)
in number of cells per well). Cytotoxicity was also controlled at the pre-rosette stage by measuring the viability of the neuroepithelial precursor cells on DoD6 by a resazurin assay (Balmer
et al. 2014; Balmer et al. 2012; Krug et al. 2013b; Rempel et al. 2015). The cytotoxicity was
determined by benchmark concentration fitting (Delp et al. 2018; Krebs et al. 2018; Krug et al.
2013a) and the BMC10 (concentration leading to a viability drop of 10% on a modelled curve)
was use as highest non-cytotoxic concentration.

KNIME analysis
To remove noise and enhance the signal, background preprocessing was applied to all images. The total nuclear area, which is used for normalization, was determined: Hoechst H33342 staining was used to create a segmentation of the image using the Otsu Global Thresholding Algorithm (Otsu 1979). The number of segmented pixels was counted. Since tight junctions cluster in the rosette center as a ring-like structure, ZO1 staining was used to locate the
rosettes in a first step. Images that did not contain rosettes were filtered out. ZO1 spots were
detected by applying Otsu thresholding and segmentation of the image. The software discriminated between rosettes and other structures (e.g. epithel, neurons) by using the geometry of
detected ZO1 segments as a filter. Since the cells and the organelles of a rosette orientate
towards the center, the “halo like” shape of a Golgi staining (GM130) was used to identify
rosettes: Voronoi Segmentation was applied to the GM130 channel by using the previously
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discovered (ZO1) locations as seed points. This led to a segmentation of positive rosettes. The
result was improved by applying a machine learning algorithm which allowed to filter out wrong
segments resulting from noise or artefacts. The classification was done using a random forest
(Breiman 2001), which was learned on a training set by manual annotation. The features of
the training set comprise measures of segment geometry. After classification, the positive segments were used to calculate the results. The number of rosettes (segments) per image was
counted. For each well, the number of rosettes/image was summed up and normalized to the
total nuclear area. Data is always displayed relative to an untreated control.

Affymetrix DNA microarray analysis and quantitative PCR
After the measurement of viability (resazurin assay), medium was removed and cells were
lysed in TriFastTM (Peqlab, Germany). mRNA was isolated as described in the manufacturers
protocol and reverse transcribed (iScript, Biorad). Quantitative PCR (qPCR) was performed
using EVAGreen SsoFastTM mix on a BioRad Light Cycler (Biorad, Germany). For
quantiﬁcation, qPCR threshold cycles were normalized to reference genes [tatabox binding
protein (TBP) and ribosomal protein L13 (RPL13A)]. If not stated otherwise, the data of cells
treated with compounds were then expressed relative to transcript levels of untreated control
cells, which have been grown and differentiated for the same amount of time. For this normalization, the 2^(-delta delta C(T)) method was used (Livak and Schmittgen 2001). The primer
sequences are listed in the supplement (Fig. S6.3). Affymetrix chip-based DNA microarray
analysis (Human Genome U133 plus 2.0 arrays) was performed exactly as described earlier
(Krug et al. 2013b; Rempel et al. 2015). The original data sets of HDAC inhibitors and mercurials were obtained in the context of an earlier study. These data and different forms of analyses have been published in (Rempel et al. 2015).

Preprocessing of gene expression data
Three datasets (Balmer et al. 2014; Krug et al. 2013b; Rempel et al. 2015; Shinde et al. 2016a;
Waldmann et al. 2017; Waldmann et al. 2014) with RMA normalized gene expression (Harbron
et al. 2007) data (log2 scale) measured on the Affymetrix HG-U133 Plus 2.0 array were combined to one gene expression dataset including 54675 different probe sets. For each biological
replicate, the control value was subtracted from the corresponding treatment values (when
multiple technical controls were available for one biological control replicate, the expression
values of the technical controls were averaged to one mean control value per probe set). For
the comparison with rosette data, one mean expression value was calculated for each compound and each probe set. Correlation analysis was performed using Pearson’s correlation
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coefficient and the corresponding correlation test for the null hypothesis of zero correlation.
The resulting p-values were multiplicity-adjusted to control for the false discovery rate (FDR)
by the Benjamini–Hochberg (BH) procedure (Benjamini and Hochberg 1995).

Preprocessing of rosette formation data for the prediction models
For each biological replicate one control value was defined (in case of multiple technical controls per biological control replicate, the rosette formation values of the technical controls were
averaged to one mean control value). Next, for each biological replicate separately, the rosette
formation values of the treatments were divided by the corresponding (mean) control value.
Finally, for the comparison with gene expression data, one mean rosette formation value was
calculated for each compound. Mean rosette inhibition values were defined by 1-mean rosette
formation values (resulting negative values set to zero, so that the rosette inhibition ranges
from 0 to 1) and used as response in the prediction models.

Prediction models of rosette inhibition and associated gene sets
For 24 compounds (belinostat, BIO, BPA, CHIR, CsA/FK506, DMSO, entinostat, estradiol, galnon, geldanamycin, gleevec, HgBr2, HgCl2, IFNbeta, LiCl, MeHg, panobinostat, PCMB, PMA,
RA, SAHA, thimerosal, TSA, VPA) rosette formation as well as gene expression values were
measured. They were used for correlation analyses and prediction models. Different gene sets
were combined with different statistical algorithms to build and validate classification or regression models for the prediction of rosette inhibition based on leave-one-out cross-validation. In
the case of regression models, the rosette inhibition was considered as continuous response
using the original values. In the case of classification models, the rosette inhibition values were
dichotomized at a threshold value of 75% (binary response: "0" = less than 75% inhibition, "1"
= at least 75% inhibition). Leave-one-out cross-validation was carried out based on 24 compounds. In each cross-validation step one compound was used as test set to predict the response and the remaining 23 compounds were used as training set to build the model. This
procedure was repeated until each compound was considered once for validation. As a result
of the leave-one-out cross-validation, we obtained a predicted value of rosette inhibition for
each of the 24 compounds that we compared with the true rosette inhibition values to evaluate
the prediction performance of the respective model. Prediction accuracy was assessed using
Pearson’s correlation coefficient for continuous response, and the area under the curve (AUC)
of the sensitivity-specificity plot (ROC-curve) for binary response. Based on the training set in
each cross-validation step, two different gene sets were selected: (i) the top-x probe sets with
the largest variance in expression values (“top-variance genes”), and (ii) the top-x probe sets
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with the best univariate (positive or negative) correlation between expression values and response. For binary response the AUC was considered as correlation measure (“top-AUC
genes”) and for continuous response the Pearson’s correlation (“top-corr genes”). The number
of top-x genes was varied with x=100, 200, 1000. In addition, all 54675 probe sets and the 21
neurodevelopmental distance (NDD) measure genes (Supplement Fig. S6.7a) (i.e. the 46 different probe sets corresponding to the 21 genes) were used to construct prediction models. In
total, we compared eight different gene sets in combination with the following three statistical
algorithms: regularized logistic regression with lasso penalty, regularized logistic regression
with ridge penalty, and random forest. Random forest with top-200-variance genes and continuous response was chosen as final prediction model, and consequently fitted and evaluated
once based on all 24 compounds. For this final model the top-200-variance genes were determined once based on all 24 compounds (Supplement Fig. S6.5). The R package ‘ranger’
(version 0.10.1) was used for computing the random forest with the following default parameter
settings: The random forest is an ensemble of 500 regression trees and its prediction is an
average of the predicted response values returned by each tree. An individual tree is constructed based on bootstrap samples of the observations and by recursive binary splitting of
the covariate space. At each node the best splitting variable (gene) out of a randomly chosen
subset of 14 genes and the best split cut point are determined. The estimated variance of the
responses is used as splitting rule. A minimum node size of five observations is chosen.

Calculation of threshold and borderline range for the RoFA prediction model
The threshold T for the definition of positive, rosette inhibiting compounds was set as T= M n(2x SDn) with Mn: mean of negatives and SDn: standard deviation of negatives (Fig. 6.8d). The
borderline range (BR) was defined as BR= T ± U(T) (U(T): uncertainty of T) and U(T)= SDpooled
(Fig. 6.8e) as defined by (Leontaridou et al. 2019; Leontaridou et al. 2017).
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6.4.

Results

Characterization of NEP and their differentiation towards neural rosettes
Two problems are still preventing the application of the standard STOP-tox(UKN) test method for
predictive toxicology. First, establishment of a general prediction model based on transcriptome changes has proven difficult; second, the functional relevance of gene expression
changes alone is hard to prove. Anchoring genotypic changes induced by a toxicant to a distinct phenotype may provide a solution for these issues. Thus, the test protocol, normally ending with day of differentiation (DoD) 6 (Fig. 6.1a) (Krug et al. 2013b) was extended by a second
phase in which cells were allowed to self-organize to form rosettes (Fig. 6.1a). Transcriptome
data from the standard assay highlight the difficulty with building a prediction model (Fig. 6.1b):
In such a data set, one can observe strong changes in gene expression over time, already in
untreated cells. A k-means clustering (K=9) of the gene expression time courses (Fig. 6.1c)
showed, that the expression changes did not follow a single monotonous pattern such as upregulation/ down-regulation over time (cluster 1 and 2). Some clusters rather showed a wavelike pattern (e.g. cluster 4 and 5) (Fig. 6.1c). This makes it difficult to define marker genes that
are reliable for every time point during differentiation as well as for each toxicant applied to the
system. In the past, the genes PAX6 and OTX2 (cluster 2a) as well as POU5F1 and NANOG
(cluster 1a) have been used as test endpoints (Fig. 6.1d). Wave-like regulated genes, have
not been considered at all for the prediction model, and it is impossible to judge the relative
importance of all regulation clusters for proper development. Therefore, we sought a more
integrated bifunctional endpoint. The self-organisation capacity of genuine neuroepithelial
cells, as opposed to other cell types (Chambers et al. 2009) may provide such an endpoint
(Colleoni et al. 2011). The self-organization process relevant for neural tube formation is reflected in cell culture dishes by neural rosette formation. To study rosette formation, cell culture
was continued, cells were replated and allowed to form rosettes for 4 days (Fig. 6.1a). In a first
step, we analysed the expression of relevant neural rosettes marker genes. DACH1, LIX1,
LMO3, MSX1 were upregulated on gene expression level on DoD11 and DoD15 (Fig. 6.1e). A
preliminary morphological analysis showed that the cells on DoD6 expressed the neuroepithelial marker PAX6 (Fig. 6.1f) and the general neural stem cell marker nestin (data not shown)
while they were mostly negative for the neural crest marker TFAP2. The expression of NESTIN
and PAX6 was maintained until DoD15 (with continued absence of TFAP2 (not shown)). Morphology changes from unorganized clumps on DoD6 to organized rosettes on DoD15 (Fig.
6.1g).
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Figure 6. 1: Extension of the STOP-tox(UKN) protocol to generate rosette stage cells
(a) Exposure and differentiation scheme: Pluripotent stem cells were seeded at a low density three days before the
start of differentiation (DoD-3). On the first day of differentiation (DoD0), the neural fate was induced; on DoD6, the
standard STOP-tox(UKN) protocol endpoint (gene expression) was measured. For rosette formation, cells were further differentiated, with a re-plating step at DoD11. Neural rosettes were assessed at DoD15 for the rosette phenotype (new endpoint) or gene expression. Toxicant exposure occurred always between DoD0 and DoD6. (b) RNA
was harvested from cells differentiated for 6 h, 4 d or 6 d, and gene expression was quantified by microarray analysis. The heat map (one lane per microarray) shows absolute expression values (log2-scaled) of the 1000 genes
with the largest variance, after hierarchical 2D clustering. (c) Waves of gene regulation: The time course profiles of
gene expression were clustered in nine groups (k-means with k=9), and average expression levels of the genes
per groups are indicated for the four time points as row-wise z-scores. For instance genes in cluster-5 are first upregulated, then downregulated; genes in cluster-1b start high and are then continuously downregulated. (d) Examples of four signature genes: the gene expression levels are displayed relative to the pluripotent state (DoD0). Data
are averages from four independent experiments. (e) The cells were cultured as in A, and mRNA was prepared on
DoD11 (brown) and DoD15 (blue) for PCR analysis of four rosette marker genes. Their relative regulation (fold
change (FC) vs DoD0) is displayed for three independent experiments; black horizontal lines indicate the average
FC. (f) DoD6 cells were stained for PAX6 (neuroepithelial marker) and TFAP2 (neural crest marker). (g) The cell
cultures were stained on DoD15 for the neural stem cell markers PAX6 (nuclear localization) and nestin (cytoskeletal protein), and representative images are displayed. Two typical rosettes are shown within white circles.
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Characterization of neural rosettes
Neural rosettes have been described as the in vitro counterpart to the neural tube, as they look
like cross sections of the in vivo developing neural tube (Dhara et al. 2008; Dhara and Stice
2008; Elkabetz et al. 2008; Zhang et al. 2010). To find an appropriate imaging technology to
exploit the rosette formation as an assay endpoint, DoD15 neural rosettes were stained in
different ways. ZO1 (tight junction marker) staining indicated that rosettes possessed a core
structure that looked like a net of cell membranes possibly with an open (cell-free) space in its
center (Fig. 6.2a, 2b). Rosettes staining for endothelin beta indicated that this marker is distributed over the whole membrane of the rosette forming cells (Fig. 6.2b) (Elkabetz et al. 2008).
Metabolic glycoengineering cell feeding with labelled N-acetylmannosamine was used to label
surface sialic acids as typically found on poly-sialyted neural cell adhesion molecule (NCAM),
a known neural stem cell marker. This revealed a cellular polarisation, with the sialic acid residues rather located in the center of the rosettes (Fig. 6.2c). Also, all organelles showed a clear
orientation within rosette cells. The Golgi apparatus was always positioned towards the middle,
while cell nuclei pointed towards the outside (Fig. 6.2d). DoD15 rosettes had a diameter of
approximately 50-100 µm and they were equally distributed over the plastic or glass surface
of the cell culture dish. This allowed to count the formed rosette structures (Fig. 6.2e). The Zdimension (3-dimensionality) of the rosette was very small and they resembled flat domes with
the central core appearing to be covered by a single cell layer (Fig. 6.2b, 2f).
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Figure 6. 2: Immunocytochemical characterization of rosettes
Cells were differentiated for 15 days according to the scheme in Fig. 6.1a. Then they were fixed and stained. Nuclei
were visualized with the H-33342 dye. (a) Rosette stage cultures were stained for ZO1 (tight junction protein) and
nestin (neural stem cell marker). (b) 3D-image of rosettes stained for endothelin B and ZO1. On the right, two
exemplary z-planes of the rosette are depicted with focus close to the cell culture dish (low) or rather in the middle
of the rosette height (center). Confocal images were obtained from z-planes spaced 0.3 µm apart. From these data,
a 3D-display was obtained. (c) Metabolic glycoengineering was used to label surface sialic acids on rosette cells.
At 8 h before fixation, cells were fed the sialic acid precursor N-acetylmannosamine with a tag for immunocytochemical labelling. At 30 min before fixation, surface sialic acids were live-cell labelled for the sugar tag (Sia). Then
cells were fixed and additionally stained for ZO1 and DNA (H-33342). (d-f) Rosette stage cells were stained for ZO1
and GM130 (cis-Golgi marker). (e) Individual antigens of rosettes across a cell culture well are shown at a low
magnification view. (f) Images were recorded for 20 z-planes (0.35 µm spacing) and rendered for a 3D-display.
Three selected z-planes are shown. Scale bars are included in all images for size calibration.
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Disturbance of rosette formation by toxicant treatment
If rosette differentiation is to be considered as endpoint of a test method, then DNT toxicants
should affect this process. We reason that exposure to chemicals may lead to a change of the
neuroepithelial differentiation. This may lead to different outcomes, such as (i) a decreased
number of rosettes, (ii) an accelerated differentiation towards neurons, (iii) a conversion of
NEP to any other neural cell type, (iv) or even a switch of differentiation track towards other
cell lineages (Fig. 6.3a). The HDAC inhibitors trichostatin A (TSA) and valproic acid (VPA)
have been used as tool compounds in the STOP-tox(UKN) test system, and they led reproducibly
to extensive changes in the gene expression of developing cells (Balmer et al. 2014; Krug et
al. 2013b; Shinde et al. 2016a; Waldmann et al. 2014). Therefore, we examined the effect of
these two compounds on rosette formation. Differentiating cells were treated with 400 µM and
600 µM VPA and 10 nM TSA from DoD0 to DoD6. On DoD6, the compounds were removed
and the cells were further differentiated until DoD15 (rosette stage). Low concentrations of
VPA (400 µM) led to a disturbance of rosette formation, and the appearance of few neurons
(beta III tubulin (TUJ1) positive). Treatment with higher concentrations of VPA (600 µM) or with
TSA (10 nM) completely abolished any rosette formation. The cells formed an epithelial-like
structure (Fig. 6.3b) and patches of neuron-like cells were detected (Fig. 6.3b). Further immunostaining experiments showed that reduced formation of rosettes was associated with a
variety of alternative differentiations. For instance, treatment with TSA did not affect the neural
stem cell marker nestin, but it abolished the expression of the neuroepithelial marker PAX6
almost completely. It also led to a stable expression of the pluripotency marker POU5F1 in
some cells, while normally all rosette stage cells are negative for POU5F1. Furthermore,
SOX10 (precursors of oligodendrocytes and neural crest cells) was up-regulated and peripherin-positive cells (peripheral neurons) emerged (Fig. 6.3c). This is consistent with findings
that VPA/TSA lead to a change of the differentiation track from NEP to a more neural crest(like) cell fate in chicken (Murko et al. 2013). Therefore, we hypothesized that one of the developmental disturbances that can be triggered in our test is a switch from CNS neuroepithelial
precursors to neural crest cells and their derivatives, such as peripheral neurons (Fig. 6.3c).
In summary, the reduction of rosette formation appeared to be the most universal feature of
the developmental toxicants tested; in contrast to this, the generation of alternative cell types
was highly dependent on concentration and type of toxicant, and it also appeared to depend
more strongly on the time of endpoint assessment. Therefore, we decided to use overall rosette formation as endpoint.
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Figure 6. 3: Qualitative features of disturbed rosette formation.
(a) Overview of potential toxicant effects during early differentiation: Under normal control conditions cells differentiate towards a neural fate and form rosettes on DoD15. Treatment with teratogens during differentiation may lead
to an altered phenotype on DoD15: (i) reduced numbers of rosettes, (ii) emergence of differentiated neurons or of
epithelial-like structures, or (iii) generation of other, non-neural cell populations. (b) Cells were differentiated for 15
days according to the scheme in Fig. 6.1A. Treatment (400 µM and 600 µM VPA; 10 nM TSA) was performed from
DoD0-DoD6. Cultures were fixed and stained for ZO1 and βIII-tubulin (TUJ1 antibody, neuronal marker). Nuclei
were visualized with the H-33342 dye. (c) Characterization of cells after TSA treatment: Cells were fixed on DoD15
and stained for nestin, PAX6, POU5F1, peripherin (Peri) and SOX10. Nuclei were visualized with the H-33342 dye.
Exemplary images of untreated and TSA-treated cells are depicted.
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Figure 6. 4: Quantification of rosette formation.
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Neural rosettes were fixed, stained and imaged with an automated microscope. Then a KNIME protocol was used
for automated image recognition and quantification. (a) Working hypothesis for the rosette quantification: It is assumed that treatment of cells from DoD0-6 with neurodevelopmental toxicants leads to a concentration-dependent
reduction in rosette number, and it may also lead to the presence of other cell types. (b) Control rosettes were
stained as in Fig. 6.2D for ZO1 (red) and GM130 (green), and nuclei (blue). This exemplary micrograph is used to
illustrate the quantification algorithm. (c) Quantification algorithm: The three imaging channels underlying the image
in b are shown separately. A KNIME protocol is used to count the pixels of the nuclei and from this the nuclear area
is determined. ZO1-spots are recognized by their size and roundness. ZO1-spots that are surrounded by GM130
coronas (=pre-rosettes) are classified as rosettes. These “true rosettes” are counted and normalized to the nuclear
area. (d) Cells were treated with TSA (10 nM) or solvent from DoD0-6. They were fixed and stained on DoD15 and
used for rosette quantification as in c. The graph on the left shows the rosette counts, the graph in the middle shows
the rosettes/nuclei ratio and the graph on the right shows the nuclear area. Each dot represents data from one well
(technical replicate). Data are from three independent experiments with altogether n ≥ 25 technical replicates.

Quantification of neural rosettes and establishment of the rosette formation assay
(RoFA)
We hypothesized that a neurodevelopmental toxicant inhibits rosette formation in a concentration dependent manner, so that a fully quantitative method to evaluate this endpoint was desirable (Fig. 6.4a). Therefore, a counting algorithm was developed, based on the production of
images from the immunostained rosettes. We decided on labelling the inner tight junction
marker ZO1 in combination with staining of the Golgi apparatus by antibodies against the Golgi
matrix protein GM130, as this approach yielded the clearest representation of rosettes (Fig.
6.4b). The program we developed uses the combined information from the ZO1 spot in the
middle surrounded by a halo of GM130. This was combined with a filter for size and shape
(roundness) to identify rosettes. In the next step, the number of rosettes is normalized to the
number of cells in an image field (based on nuclear counts) (Fig. 6.4c). Testing this algorithm,
we found that the number of rosettes that were counted, was stable for biological replicates as
well as for technical replicates. The tool compound TSA (10 nM) inhibited the rosette formation,
but did not affect the cell count (nuclear area) (Fig. 6.4d).
After the establishment of the rosette formation assay (RoFA) and the development of the
quantification software, we started comparing the RoFA performance to the classical gene
expression readout of the STOP-tox(UKN) assay. As first approach, we quantified the concentration dependencies for VPA and TSA. For gene expression analysis, cells were harvested
on DoD6, and the gene expression changes of marker genes were investigated. MSX1,
POU5F1 and NANOG were up-regulated after TSA/VPA treatment, while EMX2, OTX2, PAX6
were down regulated. Gene expression changes required TSA concentrations ≥ 2-8 nM and
VPA concentrations of ≥100-300 µM (Fig. 6.5a). Rosette formation was inhibited in a similar
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concentration range. The BMC25 [benchmark concentration leading to a 25% decrease compared to control (Krebs et al. 2018)] for TSA was ≈ 4 nM and for VPA ≈ 170 µM (Fig. 6.5b).
Rosette formation was inhibited by ˃ 50% at 3 nM TSA and 220 µM VPA. In summary, this
first RoFA evaluation experiment showed a sensitivity of the new endpoint in the same range
as the hitherto used gene expression. Moreover, an important advantage became obvious.
Easily interpretable, quantitative inhibition data obtained for the new endpoint. This was not
the case for the gene expression data (the genes all behaved slightly different). For gene expression endpoints, a prediction model, taking into account the different weight of multiple expression markers (known to be affected differently by various classes of toxicants (Balmer et
al. 2012; Rempel et al. 2015; Waldmann et al. 2014)), would be very difficult and resourceintensive to establish. Notably, such an approach has been used for genome-wide expression
data (however, without giving weights to individual genes) (Shinde et al. 2016a). Thus, gene
expression endpoints and RoFA can be used in a complementary fashion. Where cost plays
a major role, the RoFA may be preferable, at least as an initial filter.

Figure 6. 5: Concentration-dependent changes in gene expression and rosette formation.
Cells were differentiated towards neural rosettes as in Fig. 6.1a. During differentiation, cells were exposed to VPA
or TSA from DoD0-6. (a) On DoD6, mRNA was isolated and gene expression of marker genes was assessed by
RT-qPCR analysis. The relative expression of the marker genes PAX6, OTX2, NANOG, POU5F1, EMX2 and MSX1
(normalized to untreated controls) is shown for TSA- (left) and VPA- treated (right) cells. The cell viability was not
affected at the concentrations used (data not shown).

96

Results- manuscript 2: Development of a neural rosette formation assay (RoFA) to identify
neurodevelopmental toxicants and to characterize their transcriptome disturbances
(b) Cells (as in A) were continued to be cultured without toxicants until DoD15. Then, rosette formation was quantified as in Fig. 6.4B/c. Rosette count data were normalized to untreated controls. For all experiments, the means
from 2-6 independent experiments are shown. For the rosette formation assay, eight out of the 15 concentrations
were only included in a single experiment. The error bars ±indicate the standard error of the means.

Correlation of rosette formation with sensitive time windows
Neuroepithelial development is particularly sensitive to toxicants during certain time periods,
and not at all sensitive during others (Balmer et al. 2014; Balmer et al. 2012). We used this
fact to further investigate the correlation of rosette formation and gene expression changes.
Differentiating cells were treated with TSA (10 nM) during different time windows (e.g. DoD2DoD3), and rosette formation was assessed for all conditions on DoD15. Cells treated with
TSA from DoD0 to DoD6 (positive control) showed no rosette formation, while the short treatment during the first three hours of differentiation did not result in any inhibition of rosette formation (negative control). Six hours of treatment was sufficient to inhibit rosette formation, and
all the other treatment schedules that exposed cells during the first three days of differentiation
also inhibited rosette formation. In contrast, treatment from DoD3-4 did not decrease the number of rosettes significantly and compound exposure that started later than day 3 (DoD3-6, 49, 12-15) did not lead to any effect, even if cells were exposed for up to 4 days (Fig. 6.6).

Figure 6. 6: Dependence of rosette formation on the time window of exposure.
Cells were differentiated towards neural rosettes according to Fig. 6.1a. (a) TSA (10 nM) was added to the cell
cultures for different time periods, as depicted by the horizontal bars. At DoD15, cells were fixed, stained and rosettes were quantified. A qualitative overview of the outcome is given by color coding of the bars. Red bars indicate
that rosette formation was disturbed; green bars indicate that no inhibition of rosette formation was observed for
the respective exposure condition.
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(b) Quantitative results for the rosette formation assay after exposure to TSA as specified in A. Rosettes were
quantified as in Fig. 6.4b/c and normalized to untreated controls (untr). The grey bars indicate the means from 2-9
independent experiments (n=13 for the untreated control), the error bars indicate the standard error of the means.

Due to the re-seeding step on DoD11, treatment was never performed during this time (to
avoid technical artefacts). These data suggest, that the window of sensitivity of developing
NEPs comprises the first three days of differentiation. To clarify whether rosette formation on
DoD15 was correlated with gene expression on DoD6, samples from the timed exposure to
TSA were analysed by RT-qPCR for marker genes. The neuroepithelial genes PAX6, OTX2
and EMX2 were downregulated by TSA. At least 2 days of drug exposure were required for a
(≥ 2 fold) reduction in gene expression, and this exposure window had to include the second
day of differentiation. The pluripotency transcription factors POU5F1 and NANOG are known
to be strongly downregulated during neuroepithelial differentiation (Balmer et al. 2012;
Chambers et al. 2009). Here, disturbance by TSA led to higher residual levels of these stem
cell markers, and also of the early neural crest specifying gene MSX1 (Fig. 6.7a, b). For such
effects a drug exposure of six (MSX1, NANOG) to 24h (POU5F1) only was sufficient, if occurring early during differentiation (first day). Otherwise, the windows of sensitivity for dysregulation of POU5F1/NANOG/MSX1 were similar to those for the neuroepithelial markers (Fig. 6.7a,
c). Comparison of the gene expression and the rosette formation endpoints revealed a good
overall agreement. The rosette formation assay was slightly more sensitive, if our prediction
model (described in Fig. 6.7c) for combinations of marker genes was applied. Notably, alternative prediction models could have been used, and they may have shown identical sensitivity.
This comparison again demonstrates the practical difficulty of establishing a robust prediction
model based on genetic markers. Prediction based on such markers would require a vast
amount of test compounds to find out whether different markers should be considered as
equally important, whether they should be assigned to weight factors and whether the average,
median or e.g. most sensitive set of changes is to be considered. Altogether this set of experiments showed a high concordance of RoFA and gene expression (STOP-tox(UKN)) endpoints
(Fig. 6.7b, c), and we planned for further exploration of the predictivity of inhibited rosette formation.
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Figure 6. 7: Sensitivity comparison of gene expression analysis and rosette formation assay
Cells were differentiated for 15 days according to the scheme depicted in Fig. 1a. Treatment with TSA (10 nM) was
performed for different time periods (specified as DoD on the x-axes). At DoD6, RNA was extracted and RT-qPCR
was performed for PAX6, OTX2, EMX2, MSX1, POU5F1 and NANOG. (a) Relative gene expression (compared to
untreated controls) is depicted for the indicated genes. The dotted red line depicts a FC ≥ 2. Regulations beyond
this threshold were classified as positive. Data are means from 2-5 independent experiments. The error bars represent the standard error of the means. (b) Classification strategy: Different exposure scenarios were investigated.
Gene expressions were classified as toxicant-regulated, if the relative expression was altered by ≥ 2-fold. (c) Comparison of gene expression and rosette formation. Summary data for gene expression changes were produced by
the following rule: If ≥ three out of the six marker genes were regulated, gene regulation was considered to be
disturbed (red). Rosette stage cells at DoD15 were fixed, stained and analyzed with the rosette formation assay
(Fig. 6.4). Disturbance of rosette formation was classified as specified in Fig. 6.6. No gene expression data were
available for exposure of cells only during the first 3 h of the assay.
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Correlation of RoFA and STOP-tox(UKN) for a test set of toxicants
As our initial experiments convinced us that the RoFA shows high sensitivity towards the tool
compounds TSA and VPA, we initiated a broader evaluation of altogether 24 test chemicals
(see Fig. S6.1 for compounds and their concentrations used here). Cells were exposed to
these from DoD0-6, and rosette formation was assessed on DoD15. Whole transcriptome data
for DoD6 were obtained from the published literature (our legacy data on the same compound
concentrations from (Balmer et al. 2014; Krug et al. 2013b; Rempel et al. 2015; Shinde et al.
2016a; Waldmann et al. 2017; Waldmann et al. 2014)). Based on these results, we evaluated
the reciprocal relationship of RoFA data and transcriptional changes by using various correlation and classification strategies. In a first approach, we used an index of toxicity related to
gene-expression, the developmental potency (D(P)), that we had developed and evaluated
earlier (Shinde et al. 2016a). This correlated with rosette formation, but only to a moderate
extent (rho = 0.61) (Fig. S6.4). Correlations in a similar range were found when other relatively
crude measures of transcriptome alterations were used (e.g. number of genes deregulated).
Therefore, more complex classification methods were explored. Several prediction models
based on linear correlations and on random forest, were tested, and various sets of genes
(e.g. top100 probe sets, top200, top1000, most variable etc.) were used as input. Good data
were obtained by using the top 200 most variant probe sets from the microarray results (Fig.
S6.5). The correlation for RoFA vs transcriptome changes (based on these 200 probe sets)
was R²=0.97, when a random forest-based prediction model was employed (Fig. 6.8a). The
correlation plot furthermore indicates that predictions of RoFA outcomes are quite reliable, if
they are in the range of 0-33% inhibition or 66-100% inhibition. For such compounds, transcriptome data of the 200 probe sets (Fig. S6.5) appear to be sufficient to predict phenotypic
deficits in self-organization of the differentiating neuroepithelial cells, i.e. for a hazard classification of test compounds. If a reduction of rosette formation of ˃33% and ˂66% is predicted,
we would suggest to initiate further testing in the RoFA (Fig. 6.8b). The setup of initial/preliminary prediction models during assay development, using a limited number of compounds, necessarily leads to overfitting. Ideally, further validation with larger numbers of new reference
chemicals would be performed, but this requires large resources and time. Alternatively, an
internal validation can be performed to obtain at least some measure of reliability of the PM.
We used this strategy and chose the leave-one-out cross-validation (LOO) approach: 23 compounds were used to predict the remaining compound, and this process was repeated for each
of the compounds.

100

Results- manuscript 2: Development of a neural rosette formation assay (RoFA) to identify
neurodevelopmental toxicants and to characterize their transcriptome disturbances

Figure 6. 8: Relationship between toxicant-induced transcriptome changes and rosette formation
Cells were differentiated for 15 days according to the scheme depicted in Fig. 6.1a. During differentiation, cells were
treated with the indicated compounds from DoD0-6. At DoD15, rosette formation was quantified and adjusted for
controls. In parallel cultures, RNA was extracted on DoD6, and differential gene expression was measured (compared to untreated controls). (a) A random-forest prediction model was built based on all 24 compounds and used
to predict rosette inhibition from DoD6 transcriptome data (for gene list see Fig. S6.5). The predicted rosette responses for each compound are plotted against the % inhibition of rosette formation actually measured by RoFA.
For faster orientation, the areas for which low (< 33%) or high (> 66%) inhibition of rosette formation was predicted,
were shaded in green.
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(b) Based on the findings in a, a test procedure is suggested, in which DoD6 gene expression data are used to
initially predict inhibition of rosette formation, and thus to asses developmental neurotoxicity (DNT) hazard. For the
data range of 33-66%, at which the prediction model has high uncertainties, actual testing in the RoFA is necessary
to determine functional effects of chemicals predictive of DNT. (c) To establish a preliminary prediction model for
the experimental RoFA, the gene expression data on DoD6 were used to categorize DNT-negative and DNTpositive chemicals. For this, a panel of 21 hand selected biomarker genes (46 probe sets, for details see Fig. S6.7A)
was employed: The expression changes by the test chemicals of the corresponding 46 probe sets were used to
calculate a neurodevelopmental staging defect distance (NDD) measure (i.e. a deviation from normal development,
as detailed in Fig. S6.7b). Twelve test compounds (shown in green) had a NDD score of <1, and were therefore
considered negative, those with a score > 1 were considered positive (black). (d) Cultured cells treated as in A were
differentiated until DoD15 (RoFA as in Fig. 6.4). Each symbol shows a data point of an independent experiment.
Data from compounds with an NDD < 1 are shown in green, with an NDD > 1 in grey. Data on the statistical average
and spread of the data of positives (black) and negatives (green) are indicated on the right-hand side. A value
separating positive and negative compounds was defined based on the variability of the negatives (=noise band);
threshold T= Mn-(2x SDn). (e) Rosette formation was quantified for each compound as in d. Each bar represents
the mean percentage of rosette formation (compared to untreated controls) from two to four independent experiments per compound. Error bars represent the SEM. The data from d were used for a preliminary prediction model
of the RoFA, so that compounds that affected rosette formation for more that the noise band (T: 2 x SD of the
negatives) were considered positive (purple), while the other compounds were considered negative (grey). Compounds in the borderline range (grey band) are labelled blue; U(T): uncertainty of T. The borderline range was
calculated based on the average variation of all values as described by Leontaridou et al.

The LOO data highly correlated (R2 = 0.82) with the full model (n = 24). Moreover, the LOO
prediction data showed again very clearly, that there was particularly high uncertainty about
compounds predicted to be 33-66% rosette inhibiting (Fig. S6.6). This confirmed that such
compounds would require experimental testing, while compounds with very high or low prediction values agreed to a high degree (Fig. 6.8b). Altogether, our comparison of the transcriptome endpoints and the RoFA suggested that both tests agree well in predicting a potential
developmental hazard. On this basis, we undertook some further efforts to set up a binary
prediction model for the RoFA, which works without requiring transcriptome data. For this purpose, positive and negative controls needed to be defined. This could theoretically be done by
using legacy data from a gold standard test (e.g. human clinical data or animal experimental
data). However, this approach has weaknesses related to large data uncertainties, data gaps
and problems of species extrapolation. An additional problem is that the definition of positives
and negatives refers to specific concentrations reached in vivo. Such data are in many cases
not available in standardized form. As alternative approach, we decided to use an internal
biological measure, as suggested for strategies of so-called mechanistic validation (Aschner
et al. 2017; Hartung et al. 2013a; Leist et al. 2014; Leist et al. 2012b). A list of 21 marker genes
(corresponding to 46 probe sets) was selected, based on literature data indicating the link of
these genes to different developmental stages expected in our test, or known to be reached
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upon disturbance of the system (Fig. S6.7a). We used mean relative expression levels for
these probe sets (ratio of Affymetrix array readouts in the absence or presence of test compound) to calculate a neurodevelopmental distance measure (NDD) (Fig. S6.7b), i.e. a score
defining how far the system deviated from its normal state in the presence of a test compound.
Compounds with a score of ≥ 1 were classified as positive hits (= positive controls). Compounds with a score < 1 were regarded as negative controls. This approach resulted in 12 hits
(belinostat, entinostat, retinoic acid, PMA, SAHA, CsA/FK506, panobinostat, LiCl, CHIR, VPA,
BIO and TSA) and 12 negative compounds (DMSO, BPA, estradiol, HgCl2, IFN beta, MeHg,
geldanamycin, thimerosal, gleevec, PCMB, galnon and HgBr2) according to their gene expression signature (Fig. 6.8c). This set of reference compounds was then used to define a threshold
for hit classification in the RoFA. For this purpose, the average for rosette inhibition of negatives was determined (101 % rosette formation). We then determined the standard deviation
(SD) for all negatives (26.8%), and used the value of 2 x SD (53.5%) as proxy for the noise
band of negative compounds (Fig. 6.8d). Thus, rosette formation of < 47.6% (101.1% - 53.5%)
was considered as definitely disturbed rosette formation in this final prediction model (Fig.
6.8e). The mean value of positive hit compounds was 10.6 ± 17.8% and thus separated generally very well from the negatives. Based on this hit definition, the RoFA prediction model
identified 12 compounds as positives and 12 compounds as negatives (Fig. 6.8e). All compounds that were positive in the NDD distance measure were also classified as hits in the
RoFA. In the consideration of the prediction model we also propose a further refinement: it has
been suggested that binary models may work better if a borderline range (BR) is defined
(Leontaridou et al. 2019; Leontaridou et al. 2017). We adopted this suggestion and added the
BR around the threshold T (BR= T ± 24.5%) and found that three compounds fall into this
range (Fig. 6.8e). Such borderline compounds may easily be classified one or the other way,
due to their unclear test results. For practical purposes, such compounds would be mild alerts
(compared to the full hits as serious alerts), and they may be prioritized for further testing in
complementary assays (Leontaridou et al. 2019; Leontaridou et al. 2017). Altogether, the NDD
and RoFA endpoints correlated very well (correlation of R²= 0.84, if continuous measures were
taken), and the hit classification agreed in all cases (Fig. S6.8).

Outlook on the definition of better transcriptional markers for the prediction of
developmental toxicity and of RoFA outcomes
Despite the encouraging data presented above, further improvements of the RoFA prediction
model will be required. The next steps should for instance include some form of validation
against human hazard data. In case the validity of the RoFA is confirmed as predictive assay
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for human DNT (or general developmental defects), it may become a gold standard itself. In
this function, it would help to define and calibrate other prediction models. For instance, data
from the RoFA could be used to define better transcriptional biomarkers for the traditional
STOP-tox(UKN) test (Fig. S6.9). The advantage of this approach would be that one could perform a 6-day assay (STOP-tox(UKN)) instead of a 15 day assay (RoFA), but obtain similar predictive capacity. We used this approach here to identify such a set of transcriptional biomarkers. In follow-up work, they may be refined further, and be validated against new sets of
control compounds. The following approach was taken here:For all 23 compounds and all
probe sets measured with gene symbol annotation available (> 40,000), the mean differential
(control-adjusted) expression levels were correlated with the mean control-adjusted rosette
formation results (using Pearson’s correlation coefficient). Genes that were most positively
correlated with rosette formation were identified, and they included CHAMP1, CDH2, MYLK,
FGF9 and CDK5RAP2. Also genes, correlating negatively with rosette formation were identified and they comprised DDIT4, MEOX1, TFAP2A, GADD45B and DACT1 (Fig. S6.9a, S10).
The performance of a prediction model based on these genes will be tested in the future, when
data on new (different) compounds become available. A second, complementary strategy to
identify biomarkers was also followed (Fig. S6.9b). The starting point for this was that both
HDAC inhibitors and Wnt activators were identified as hits in the RoFA, while several mercurials were identified as negatives (not affecting the transcriptome). We used this situation to
identify a subpool of genes that were specifically regulated by rosette formation inhibiting compound groups. First, transcripts differing between HDACi (VPA, TSA, panobinostat) vs. three
negatives (HgBr2, MeHg, thimerosal) were identified (Fig. S6.11, S6.12). Then, transcripts differing between WNT activators (LiCl, CHIR, BIO) vs. negatives (HgBr2, MeHg, Thimerosal)
were compiled (Fig. S6.13, S6.14). Finally, the overlap of the negatively-correlated genes was
determined. They included EDNRA, DACT1, SLIT2, BMP5, ANXA2, SEMA3C and NPY (Fig.
S6.15, S6.9b). These transcripts were dysregulated by six different compounds (falling into at
least two classes of largely differing toxicity mechanisms), and they may thus take a more
general role in indicating disturbed differentiation. Similarly, an overlap of positively correlated
genes was identified and they included DUSP4, LHX2, SIX3, CAPN6 and FZD5 (Fig. S6.15,
S6.9b). The two pools of biomarkers will be a valuable starting point to reduce the costs and
efforts associated with the STOP-tox(UKN), as they may be determined by a focused approach
(e.g PCR), independent of expensive whole gene transcriptomics approaches. Moreover, further exploration of these markers may give hints on biological mechanisms underlying early
neurodevelopmental defects.
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6.5.

Conclusions and overall outlook

Gene expression profiling was initially chosen as endpoint for the STOP-tox(UKN) assay (Krug
et al. 2013b) as it was considered a proxy for a comprehensive description of the differentiation
pattern and may in addition offer the possibility to derive mechanistic information. During the
practical use of the test, it became clear that too few well-characterized control compounds
exist (Aschner et al. 2017) to validate the assay by a correlation approach. For mechanistic
validation (Hartung et al. 2013a; Leist et al. 2012a), the knowledge on transcriptional dysregulation is too limited. Therefore, a definite prediction model has not yet been established, and
the assay has been mainly used to develop procedures for generating classifiers and toxicity
indices. These worked very well under defined assay conditions within a narrow chemical
space applicability domain (Shinde et al. 2016a). In the present work, we developed a different
strategy to further refine the STOP-tox(UKN) Test. For this purpose we developed a “phenotypic
anchor”, i.e. a morphological phenotypic endpoint that could be correlated on the one hand to
the gene expression profile in the in vitro test, and that would on the other hand plausibly link
to in vivo morphological changes, i.e. teratogenicity. This approach avoids the need for in vivo
(human) altered gene expression data for mechanistic or correlative evaluation of assay performance. Notably, such a strategy has been successfully applied in other toxicological areas.
For instance, the GARD test for skin sensitization (Johansson et al. 2013; Johansson et al.
2011; Li et al. 2019; van Vliet et al. 2018) uses a complex transcriptional profile as readout,
while phenotypic data (observations in animals and man on an allergic response) were used
to define appropriate genes and their combination. Another example are the studies of the
Piersma group on zebrafish embryo transcriptome changes related to developmental toxicity
(Hermsen et al. 2013). These altered transcript patterns were first anchored to morphological
malformations. Then they were used for quantifications or mechanistic conclusion (Tonk et al.
2015; Weigt et al. 2010). Also, assay development based on recursive optimization of mechanistic and phenotypic endpoints is well-established in toxicology. For instance in genotoxicology, the primary cell endpoint (various forms of DNA damage and mutation) is hard to directly
correlate with genetic damage in vivo. Typical phenotypic endpoints used as bridges are micronucleus formation (Fenech 2000; Fenech and Morley 1985), the formation of bacterial colonies in the Ames test (Leist et al. 1992) or the fluorescence of reporters, e.g. in the GADD45
assay (Walmsley 2008). Also in other fields, complex patterns of tissue stress response activation or of nuclear receptor activation networks have been anchored to simple reporter responses (Legler et al. 1999; Piersma et al. 2013; van der Burg et al. 2013; van der Linden et
al. 2014) to provide robust assays with highly quantitative readouts. In developmental toxicology research, such development often started from phenotypic endpoints. E.g. the EST (Seiler
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and Spielmann 2011) or the whole embryo culture (WEC (New 1978; Piersma et al. 2004;
Tonk et al. 2013)) test have mainly relied on their phenotypic endpoint, and a full characterisation of associated transcriptome changes is still ongoing (Corvi et al. 2016). With the combination of the new RoFA readout and the established transcriptome patterns, we have taken an
important step in the development of a human cell based in vitro assay to predict developmental toxicity. Further research will be performed to put the prediction model on a broader basis.
In this context, it is also important to note that different cell lines may perform differently. We
observed that various hESC and iPSC lines required extensive adaptation for the standard
STOP-tox(UKN) assay and some cells were not usable at all. The same may be true for the
RoFA. Our own experience showed that various iPSC lines did form rosettes, and e.g. the
Sigma iPSC line (IPSC0028) showed assay performances similar to the H9 hESC line used
for the assay development. This may be an important consideration for setup of the RoFA for
commercial testing. However, such issues apply to many assays based on cell lines. E.g. the
cell transformation assay to predict carcinogenicity only works with few cells, sometimes even
only specific clones of such cells. Another important future development will be the incorporation of the test into a more comprehensive battery, e.g. also including a neurite outgrowth
assay (Delp et al. 2018; Stiegler et al. 2011), a precursor cell migration assay (Barenys et al.
2017; Nyffeler et al. 2017b), assays addressing non-neuronal development (Jagtap et al. 2011;
Krug et al. 2013b)) and additional tests using model organisms (Bal-Price et al. 2018b; Hunt
et al. 2018; Scholz et al. 2008).
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6.8.

Supplementary information

Figure S6. 1: Overview of the compounds and the respective concentrations that were used for the study. Cells were
differentiated for 15 days according to the scheme in Fig. 1a.
During differentiation, cells were treated with the indicated compounds from DoD0-6. Cells were either harvested on DoD6 for
microarray analysis or further differentiated until DoD15. In order to determine cytotoxicity, a resazurin assay was performed
on DoD6, and the EC10 concentration was determined for the
test compounds. Usually, the EC10 concentration was used for
the analysis of mRNA transcript levels at DoD6 and the rosettes
formation at DoD15.

Figure S6. 2: Primary antibodies that were used for the study

Figure S6. 3: Primers that were used for the study
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Figure S6. 4: Correlation of gene regulation (D(P)) and rosette inhibition.
(a)The definition of developmental potency as gene expression index is given, as originally defined in Shinde et al,
2016. (b) Cells were differentiated for 15 days according to the scheme depicted in figure 6.1A. During differentiation, cells were treated with the indicated compounds from DoD0-6. At DoD15, rosette formation was quantified. In
parallel cultures, RNA was extracted on DoD6, and differential gene expression was measured (compared to untreated controls). Developmental potency was calculated for each compound treatment based on the gene expression on DoD6 (fold change ≥ 2). The toxicity-related gene expression (quantified as developmental potency) is an
index of developmental toxicity, based on altered transcriptome expression profile, as determined by Affymetrix
microarrays. Developmental potency was correlated with rosette inhibition. All data are based on averages of at
least three independet experiments.
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Figure S6. 5: Two hundred probe sets with the highest variance across 24 test compounds.
Cells were differentiated for 6 days according to the scheme depicted in Fig. 6.1A. During differentiation, cells were
treated with 24 different compounds (belinostat, BIO, BPA, CHIR, CsA/FK506, DMSO, entinostat, estradiol, galnon,
geldanamycin, Gleevec, HgBr2, HgCl2, IFNbeta, LiCl, MeHg, panobinostat, PCMB, PMA, RA, SAHA, thimerosal,
TSA, VPA) from DoD0-6.RNA was extracted on DoD6, and differential gene expression was measured (compared
to untreated controls) by microarray analysis. The table shows the 200 probe sets with the highest variance across
all compounds.
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Figure S6. 6 Evaluation of the random forest
statistical model (Fig. 8a) by leave one out
cross validation.
Cells were differentiated for 15 days according to
the scheme depicted in Fig. 6.1A. During differentiation, cells were treated with the indicated compounds from DoD0-6. At DoD15, rosette formation
was quantified. In parallel cultures, RNA was extracted on DoD6, and differential gene expression
was measured (compared to untreated controls).
The top 200 variance probe sets were used for a
random forest classification model (see Fig. 6.8A).
This model was then evaluated by a leave-one-out cross-validation. In each cross-validation step, 23 compounds
were used to define the top-200 probe sets and to construct a statistical model according to the rules used for the
model in Fig. 6.8A.This was then used to predict the response for the remaining, left out compound. This procedure
was repeated until each compound was considered once. The 24 predictions are displayed on the y-axis. The xaxis shows the predicted response from the full n=24 (random forest statistical model).
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Figure S6. 7: Set of hand-selected genes to capture neurodevelopmental dysregulation by diverse toxicants.
(a) Based on the literature (ours and others past work) and databases, taking into account good signal-noise ratios,
21 genes were selected that have been described to indicate key events and their disturbance during neurodevelopment. For this list of genes a neurodevelopmental distance (NDD) was calculated for each potential toxicant. The
NDD was designed as a measure of dysregulation relative to untreated controls. This measure was used in Fig.
6.8c and S6.8. (b) The NDD was calculated as the sum of squared mean differential regulation of the 46 probe sets
corresponding 21 genes for a given toxicant vs. solvent control.
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Figure S6. 8: Neurodevelopmental distance measure
correlated to rosette inhibition.
Cells were differentiated for 15 days according to the
scheme depicted in Fig. 6.1a. During differentiation, cells
were treated with the indicated compounds from DoD06. At DoD15, rosette formation was quantified (compared
to untreated controls). In parallel cultures, RNA was extracted on DoD6, and differential gene expression was
measured (compared to untreated controls). A statistical
distance measure based on the expression of the genes
from Fig. S6.7 was calculated for each compound treatment. The NDD was then correlated with rosette inhibition. The red lines indicate the thresholds for the binary classifications (dashed for NDD, solid for the RoFA). The
divergent compound is shown in a blue circle.

Figure S6. 9: Definition of biomarkers to predict rosette formation at early timepoints (DoD6).
Cells were differentiated for 15 days according to the scheme depicted in Fig. 6.1a. During differentiation, cells were
treated with compounds from DoD0-6. At DoD15, rosette formation was quantified (compared to untreated control).
In parallel cultures, RNA was extracted on DoD6, and differential gene expression was measured (compared to
untreated controls). (a) The DoD6 transcriptome values of 41941 probe sets with available gene symbol annotation
from 24 compounds (belinostat, BIO, BPA, CHIR, CsA/FK506, DMSO, entinostat, estradiol, galnon, geldanamycin,
Gleevec, HgBr2, HgCl2, IFNbeta, LiCl, MeHg, panobinostat, PCMB, PMA, RA, SAHA, thimerosal, TSA, VPA) were
correlated with the respective rosette formation results from Fig.6. 8e using Pearson's correlation coefficient. The
top 20 correlated genes for positive (i.e. higher expression in rosette-forming samples) and negative (i.e. vice versa)
correlation were identified (S10). Ten of these potential genetic biomarkers of rosette formation with the best signal/noise ratio across compounds are displayed. A focus was given to probe sets represented ≥ twice in the top 20
list (underlined). (b) As a second approach to identify biomarkers, genes were identified that were jointly regulated
by rosette-disrupting compounds of very different mode of action.
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HgCl2, MeHg, thimerosal were chosen as negatives (not disrupting rosette formation). Pearsons correlation was
performed for each probe set based on these negative compounds and three positive HDACi (VPA, TSA, panobinostat). Similarly, Pearson correlation was performed based on negatives and three rosette-disrupting WNT activators (LiCl, CHIR, BIO). The top 100 correlated probe sets (positively and negatively correlated) are shown in
S11,12,13 and 14. The overlap by gene symbol of the top 100 positively and top 100 negatively correlated genes
of the HDACi correlation and the top 100 lists of the WNT activator correlation was identified (S15). Twelve of these
potential genetic biomarkers of rosette formation with best signal/noise ratio across compounds are displayed.
Genes that showed. higher expression after treatment with rosette disrupting compounds are colored in orange,
those with lower expression are shown in blue.

Figure S6. 10: Identification of biomarkers that correlate with rosette formation.
The DoD6 transcriptome values of 41941 probe sets with available gene symbol from 24 compounds (belinostat,
BIO, BPA, CHIR, CsA/FK506, DMSO, entinostat, estradiol, galnon, geldanamycin, Gleevec, HgBr2, HgCl2, IFNbeta,
LiCl, MeHg, panobinostat, PCMB, PMA, RA, SAHA, thimerosal, TSA, VPA) were correlated with the respective
rosette formation results from Fig. 6.8e in a continuous Pearson’s regression. The top 20 correlated genes for
positive (i.e. higher expression in rosette-forming samples) and negative (i.e. vice versa) correlation were identified.
FDR adjusted p-values of the correlation test based on Pearson’s correlation coefficient (null hypothesis of 0 correlation) were calculated across all 41941 probe sets."
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Figure S6. 11: Negative HDAC inhibitor biomarkers.
Top 100 negatively correlated probe sets that showed the strongest negative correlation with rosette formation for
the negative mercurial compounds (HgCl, thimerosal and MeHg) and the positive HDACi compounds (panobinostat,
TSA, VPA). The analysis was restricted to probe sets with (i) available gene symbol annotation, and (ii) mean
differential transcriptome value > 2 or < ½ in the negative mercurial compounds and/or in the positive HDACi compounds. FDR adjusted p-values of the correlation test based on Pearson’s correlation coefficient were calculated
across all probe sets fulfilling the inclusion criteria (i) and (ii). Fold changes (FC) were calculated between the mean
differential transcriptome values in the negative mercurial compounds and in the positive HDACi compounds.
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Figure S6. 12: Positive HDAC inhibitor biomarkers.
Top 100 positively correlated probe sets that showed the highest correlation with rosette formation for the negative
mercurial compounds (HgCl, thimerosal and MeHg) and the positive HDACi compounds (panobinostat, TSA, VPA).
The analysis was restricted to probe sets with (i) available gene symbol annotation, and (ii) mean differential transcriptome value > 2 or < ½ in the negative mercurial compounds and/or in the positive HDACi compounds. FDR
adjusted p-values of the correlation test based on Pearson’s correlation coefficient were calculated across all probe
sets fulfilling the inclusion criteria (i) and (ii). Fold changes (FC) were calculated between the mean differential
transcriptome values in the negative mercurial compounds and in the positive HDACi compounds.
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Figure S6. 13: Negative correlated Wnt activator biomarkers.
Top100 the negatively correlated probe sets that showed the strongest negative correlation with rosette formation
for the negative mercurial compounds (HgCl,thimerosal and MeHg) and the positive Wnta compounds (BIO, CHIR,
LiCl). The analysis was restricted to probe sets with (i) available gene symbol annotation, and (ii) mean differential
transcriptome value > 2 or < ½ in the negative mercurial compounds and/or in the positive Wnta compounds. FDR
adjusted p-values of the correlation test based on Pearson’s correlation coefficient were calculated across all probe
sets fulfilling the inclusion criteria (i) and (ii). Fold changes (FC) were calculated between the mean differential
transcriptome values in the negative mercurial compounds and in the positive Wnta compounds.
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Figure S6. 14: Positive correlated Wnt activator biomarkers.
Top100 positively correlated probe sets that showed the highest correlation with rosette formation for the negative
mercurial compounds (HgCl,thimerosal and MeHg) and the positive Wnta compounds (BIO, CHIR, LiCl). The analysis was restricted to probe sets with (i) available gene symbol annotation, and (ii) mean differential transcriptome
value > 2 or < ½ in the negative mercurial compounds and/or in the positive Wnta compounds. FDR adjusted pvalues of the correlation test based on Pearson’s correlation coefficient were calculated across all probe sets fulfilling the inclusion criteria (i) and (ii). Fold changes (FC) were calculated between the mean differential transcriptome values in the negative mercurial compounds and in the positive Wnta compounds.
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Figure S6. 15: Overlap of Wnt activator and HDAC inhibitor biomarkers.
Overlap of the Top 100 HDACi and top 100 Wnta gene lists that showed the highest correlation with rosette formation (Negative correlated: S11 and S13/ Positive correlated: S12 and S14).
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7.1. Abstract
Thousands of transcriptome data sets are available, but approaches for their use in dynamic
cell response modelling are sparse, especially for processes affected simultaneously by two
orthogonal influence variables. We approached this problem for neuroepithelial development
of human pluripotent stem cell (differentiation variable), in the presence or absence of valproic
acid (signaling variable). Using few basic assumptions (sequential differentiation states of
cells; discrete on/off states for individual genes in these states), and time-resolved transcriptome data, a comprehensive model of spontaneous and perturbed gene expression dynamics
was developed. The model made reliable predictions (>90% correlation with measured data)
on 82% of gene expression trajectories. Even regulations predicted to be non-monotonic were
successfully validated by PCR in new sets of experiments. Transient patterns of gene regulation were identified from model predictions. They pointed towards an activation of wnt signaling
as candidate pathway leading to a re-direction of differentiation away from neuroepithelial cells
towards neural crest. Experimental intervention experiments, using a wnt/beta-catenin antagonist, led to a phenotypic rescue of this disturbed differentiation. Thus, our broadly applicable
model allows the analysis of transcriptome changes in complex time/perturbation matrices.
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7.3. Introduction
Early cell fate commitment towards the neural lineage is accompanied by highly dynamic and
large-scale transcriptome changes (Abranches et al. 2009; Gaspard et al. 2008; Gaspard and
Vanderhaeghen 2010; Suzuki and Vanderhaeghen 2015; van de Leemput et al. 2014; Zimmer
et al. 2011a). Disturbances during this process can alter developmental trajectories permanently. Accordingly, key transcription factors as well as large transcriptome modules, such as
gene ontologies and constituents of regulatory circuits, are strongly affected (Balmer et al.
2014; Balmer et al. 2012; Boles et al. 2014; Cho et al. 2014; Rempel et al. 2015; Yoo et al.
2011). Pluripotent stem cells (PSC) are good models to mimic the in vivo processes during
neurodevelopment. Human embryonic stem cells (hESC) or induced pluripotent stem cells
(iPSC) are of particular interest, as this allows experimental access to development of neuroectodermal and later nervous system structures in man. Such neurodevelopmental processes have many species specific features (López-Tobón et al. 2019; Ou et al. 2018; Walker
et al. 2019; Zhang et al. 2010) and they could hardly be studied in a systematic way prior to
the advent of stem cell technology. Examples for human specific aspects of brain development
range from transposon activity, over relative importance of key transcription factors to largely
differing time scales and relative steps of wave-like gene activation patterns (Bhinge et al.
2014; Dolmetsch and Geschwind 2011; Dragunow 2008; Marchetto et al. 2019; Marchetto et
al. 2013; Zhang et al. 2010). Prior to the classical neurodevelopmental stages, leading from
neural stem cells to brain tissue formation and regional specialization (Chandran et al. 2016;
Walker et al. 2019) early differentiation processes lead from initially pluripotent cells to neuroepithelial progenitor cells (NEP) and various types of neural stem cells (Conti and Cattaneo
2010). Such steps occur in fetuses during the formation and initial folding/closure of the neural
plate (Chambers et al. 2009; Chambers et al. 2011). In vitro, the NEP cells form neural rosettes, a correlate of the neural tube (Dreser et al. 2020). A highly standardized method
(STOP-tox(UKN) assay) has been developed to track early neural development, and its disturbances, via analysis of transcriptome changes, epigenome alterations and the capacity to selforganize in rosettes (Balmer et al. 2014; Balmer et al. 2012; Conti and Cattaneo 2010; Rempel
et al. 2015; Shinde et al. 2016a; Waldmann et al. 2017; Waldmann et al. 2014). Disturbances
of the regulatory networks that control the spatio-temporal expression of genes can lead to
severe congenital malformations (e.g. spina bifida, anencephaly) (Nau 1994; Ornoy 2009), and
they may contribute to neuropsychiatric disorders such as attention deficit/hyperactivity disorder (ADHD), autism spectrum disorders (ASD) or schizophrenia. Such disturbances can be
induced by genetics (Kondo et al. 2009), stress experiences during fetal and early childhood
development (Herzog and Schmahl 2018) and environmental influences (drugs, environmental
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and industrial chemicals, malnutrition) (Heyer and Meredith 2017; Kondo et al. 2009). Little is
known about the biochemical mechanisms that underlie these neurodevelopmental disorders,
and how and when transient perturbations, such as by drugs, alter differentiation in a pathological way. Valproic acid (VPA) may be used to establish bona fide models of clinically-relevant neurodevelopmental disorders. It is an anticonvulsant drug that is administered in epilepsy
and mood disorders and it is well known to increase the risk for congenital malformation such
as neural tube closure defects and craniofacial malformations (Alsdorf and Wyszynski 2005;
Chateauvieux et al. 2010; Nau 1994; Ornoy 2009; Tomson et al. 2016). Extensive clinical data
exist on VPA´s developmental neurotoxicity effects (Koren et al. 2018), and the relevant
plasma concentrations in fetal and maternal blood are known (Sztajnkrycer 2002; Wiltse 2005).
The impact of developmental disturbances depends strongly on the time of onset and duration
of the disturbance. In this sense, thalidomide (best known under the brand name Contergan)
gained notoriety as there were very small time windows of in utero exposure identified that
determined the kind of malformation (Ito et al. 2011). Therefore, in order to investigate the
molecular mechanisms of such disturbances by using differentiating human PSC, it is important to get a better understanding of how these perturbations propagate to dysregulated
gene activities and cellular phenotypes. Mathematical models have been very instrumental to
disentangle the complexity of regulatory networks in general, and of gene regulation in the
context of stem cell differentiation more specifically. Models have been applied to analyze networks on multiple layers. For stem cells, most models focused on the network of key regulators
and the long-term dynamics of cell fate decisions (Herberg and Roeder 2015; Spector and
Grayson 2017) . Those models were able to disentangle the network topology of small networks of key pluripotency factors and have helped to define the logic that governs the stability
and exit from pluripotency or other cell identity transitions (Bessonnard et al. 2014;
Chickarmane and Peterson 2008; Dunn et al. 2014). Such detailed mechanistic models build
on extensive mechanistic knowledge and often integrate detailed data from different sources
and studies. In contrast, a number of data-driven modelling approaches have been used to
model transcriptome changes on a genome-wide scale. Broadly, these models were either
used to infer quantitative information about mRNA processing and turnover to describe the
response of the transcriptome to acute stimulations, or they have been used to infer hidden
variables like transcription factor activity from transcriptome time series data (Barenco et al.
2009; Honkela et al. 2010; Honkela et al. 2015; Miller et al. 2011; Uhlitz et al. 2017). So far,
these models were only applicable to describe the transcriptome dynamics to immediate stimuli or the effect of individual transcription factor on gene expression. Neither detailed mechanistic approaches nor the current transcriptome-wide modelling approaches are optimally
suited to disentangle the transcriptome dynamics of a differentiation program, such as the
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transition from pluripotency to neural progenitor cells. As these transitions occur in a cascade
of steps and lead to waves of gene expression, models are needed that consider the dynamic
changes under control conditions to evaluate modulations by stressors/toxicants. Moreover,
they need to be simple enough to be parameterized from sparse data, such as transcriptome
time series. We therefore developed a coherent modelling framework that allows us to describe
and model transcript dynamics during differentiation and to disentangle the effects of perturbation on the transcriptome dynamics. Our model allows to describe time-dependent gene
expression in differentiating cells, and it is sufficiently coarse-grained to be applied transcriptome-wide. Using this model, we analyze differences between untreated and disturbed differentiation, where we exemplarily study the influence of VPA on transcript dynamics. We show
that our kinetic model correctly predicts gene expression kinetics at concentrations of VPA not
used for training. Additionally, the model provides a mechanistic basis to explain experimentally observed non-monotonic concentration-response relations that were non-intuitive at first.
Finally, the model allows us to identify perturbed regulatory modules with high resolution in the
time/compound concentration space. With this approach, we find that treatment with VPA
leads to a transient upregulation of Wnt signaling which in turn causes the upregulation of
neural crest genes. Our work shows that genome-wide models of transcriptome dynamics during stem cell differentiation may not only help to understand organogenesis/ embryogenesis,
but will also shed new light on developmental disturbances due to genetic and environmental
stressors.
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7.4. Material and methods
Materials
Gelatine, putrescine, sodium selenite, progesterone, apotransferrin, glucose, insulin, ascorbic
acid, valproic acid and ICRT3 were obtained from Sigma (Steinheim, Germany). Accutase was
from PAA (Pasching, Austria). FGF-2 (basic fibroblast growth factor), FGF-8b, Sonic hedgehog
and noggin and were obtained from R&D Systems (Minneapolis, MN, USA). Y-27632, SB43154, CHIR99021 and dorsomorphine dihydrochloride were from Tocris Bioscience (Bristol,
UK). MatrigelTM was from BD Biosciences (Massachusetts, USA). All cell culture reagents
were from Gibco/Invitrogen (Darmstadt, Germany) unless otherwise specified.

Neuroepithelial and rosette differentiation
Human embryonic stem cells (hESC) (H9 from WiCells, Madison, Wi, USA) were differentiated
according to the protocol published by Chambers and colleagues (Chambers et al. 2009) with
modifications established in (Balmer et al. 2012; Chambers et al. 2011). Instead of using 500
µM noggin we used the combination of 35 µM noggin and 600 nM dorsomorphine together
with 10 µM SB- 431642 for dual SMAD inhibition as described earlier. This was used to prevent
BMP and TGF-β signaling, and thus to achieve a highly selective neuroectodermal lineage
commitment. For handling details, see supplemental material as decribed by Balmer et al.,
2012 (Balmer, Weng et al. 2012). Beginning on DoD4, KSR medium was gradually replaced
by N2 medium (DMEM/F12 medium with 1% Glutamax, 0.1 mg/ml apotransferin, 1.55 mg/ml
glucose, 25 μg/ml insulin, 100 μM putrescine, 30 nM selenium and 20 nM progesterone), supplemented with the same amounts of noggin, dorsomorphin and SB-431642 as KSR. All differentiations were performed in 6-well plates containing 2 ml of medium per well. For some
experiments, cells were further differentiated until they formed neural rosettes. In detail, cells
were differentiated until DoD10 as described above or in in (Chambers, Fasano et al. 2009).
On DoD11, cells were detached using Accutase, and seeded at a density of 150,000 cells/cm2
onto Matrigel-coated 96 well plates or glass cover slips. Cells were grown in N2S medium
supplemented with 20 ng/ml FGF2, 100 ng/ml FGF8, 20 ng/ml sonic hedgehog, 20 µM ascorbic
acid and 10 µM ROCK inhibitor Y-27632. On DoD13 ROCK inhibitor was removed. Cells were
fixed for immune staining at DoD15 after rosettes had formed (Dreser et al. 2020).

124

Results- manuscript 3: Kinetic modeling of stem cell transcriptome dynamics
to identify regulatory modules of normal and disturbed ectodermal differentiation

Experimental exposure
Developing cells were treated from DoD0-DoD6 with different concentrations of valproic acid
(0.025, 0.15, 0.35, 0.45, 0.55, 0.65, 0.8 and 1mM) or the Wnt activator CHIR99021 (2µM). For
rescue experiments with the β-catenin Inhibitor iCRT3 (Sigma) cells were (co)treated from
DoD2-DoD6.

Immunostaining
For immuno staining, cells were ﬁxed on DoD6 or DoD15 in 4% paraformaldehyde and 2%
sucrose prior to permeabilization in 0.3% Triton X-100 in PBS. After blocking in PBS containing
5% bovine serum albumin and 0.1% Tween-20 for 1 h, primary antibodies (Supplementary
Material, Fig. S7.1) were incubated for 1 h, at room temperature (RT). After washing, secondary antibodies were applied for 45 min at RT. DNA was stained with Hoechst H-33342, and
cover slips were mounted in FluorSaveTM reagent (Calbiochem, Merck).

Rosette formation assay
Rosette formation assay was performed in 96 well plated. Number of rosettes was assessed
in six technical replicates for control and three technical replicates for treatments. The immune
cytochemistry staining of golgi matrix protein (GM130), zona occludens 1 (ZO1) and the DNA
with Hoechst H-33342 was used to identify rosettes. ZO1 is located in the centre of a rosette,
surrounded by GM130. Images of the whole well were taken by Cellomcis (Thermo Fisher
Scientific) automated microscope. Using Konstanz information miner software (KNIME)
(Berthold, Cebron et al. 2007), rosettes were detected and counted. The number of rosettes
per well was normalized to the total nuclear area. Data is always displayed relative to an untreated control (Described in detail in (Dreser et al. 2020))

Sample preparation for microarray analysis and quantitative PCR
Cells were lysed in Trizol reagent (Quiagen) at the indicated time points. mRNA was isolated
as advised by the manufacturers protocol and reverse transcribed (iScript, Biorad). Quantitative PCR was performed using EVAGreen SsoFastTM mix on a BioRad Light Cycler (Biorad,
Germany). For quantiﬁcation, qPCR threshold cycles were normalized to reference genes
[tatabox binding protein (TBP) and ribosomal protein L13 (RPL13A)] (Primer list: Fig. S2). Data
was either displayed relative to expression in stem cells or cells treated with chemicals were
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then expressed relative to transcript levels of untreated control cells (which had been grown
and differentiated for the same amount of time). For this normalization, the 2^(-Delta Delta
C(T)) method was used (Livak and Schmittgen 2001).
Affymetrix chip-based DNA microarray analysis (Human Genome U133 plus 2.0 arrays) was
performed exactly as described earlier (Krug et al. 2013b; Rempel et al. 2015). Expression
kinetics for unperturbed differentiation was measured in quadruplicates at the following 12 time
points: 0h, 6h, 10h, 16h, 24h, 36h, 48h, 60h, 72h, 96h, 120h, 144h. Expression kinetics at 0.6
mM VPA was obtained in quadruplicates at the time points 72h and 144h and in duplicates at
24h, 48h and 96h. Concentration dependent transcriptomes were obtained at 144h in triplicates at 8 VPA concentrations (0.025, 0.15, 0.35, 0.45, 0.55, 0.65, 0.8 and 1mM) and was
published earlier in (Waldmann et al. 2017).

Data preparation
Gene expression data was normalised using bioconductor and rma as described in (Rempel
et al. 2015). For each condition, we computed mean expression of each gene. Robust estimates of the standard deviation were derived using an error model that was parameterised as
follows. The empirical standard deviation for each gene and time point was computed using
replicates. Data was then divided into 15 equally sized bins based on mean expression, and
average empirical standard deviation was computed within each of the 15 bins. For the three
bins with the lowest mean, the standard deviation was set to the maximal value across all bins
(corresponding to expression < 6). The resulting values were then interpolated using the R
function loess with a span of 0.75.

Batch effect correction
As the untreated kinetics and the kinetics obtained from cells treated with 0.6 mM VPA were
obtained in different batches (first and second batch), we performed batch effect corrections.
For this, we used untreated samples at the time points 0 h, 72 h and 144 h, where we computed
the difference in expression between batches for each gene at the three time points. These
differences were linearly interpolated to obtain b(t), the time dependent batch correction. Finally, for each gene and time point, expression in the VPA-treated kinetic samples was transformed according to
expr'(t)=expr(t)+b(t);
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where expr(t) denotes the measured gene expression at time point t and expr'(t) is the batch
corrected gene expression.

Selection of regulated genes
First, genes present on the microarray were restricted to protein coding genes using the Ensembl database (Ensembl 84 from March 2016) through the R package biomaRt. To identify
regulated genes, the variation of the replicates of single time points was compared to the variation with respect to time using the Hotelling T2 statistic obtained with the mb.long function
from the R package timecourse (www.bioconductor.org). The four replicates for each of the 12
time points of the untreated kinetic served as input to mb.long. The 1500 genes with the top
T2 statistic were labeled as regulated.

Model and cost function
The dynamic model consists of a linear chain of n states with transition rates g on and goff. The
rate gon is the on-rate of each state and the off-rate of its preceding state. Only the final state
n has a different off-rate, goff. This model can be analytically solved (see supplemental information for details) to obtain the quantity Act(t,n,gon,goff), the fraction of cells in the active state.
To model gene expression kinetics, we also introduce a time shift dt and the parameters A and
B as the expression in states 0…n−1 and n, respectively. Then the gene expression Ep is given
by Ep(t,A,B, gon, goff,n,dt)=A+B Act(t+dt,n, gon,goff). To prevent non-defined values when computing the logarithm, 1+Ep is used instead of Ep in the cost function. This amounts to a redefinition of the parameter A.
To model the dependency of the rates gon (VPA) and goff(VPA) on VPA, we use Hill functions
of the form g(VPA,k,n)=g+(g’-g)*VPAn /(VPAn+kn) for both rates. The full model thus contains
the additional parameters gon', goff', k1, k2, n1 and n2.
The cost function used for fitting the parameters is obtained by summing (Em,i-Ep,i)2/Si2 over all
data points from the untreated and treated kinetic indexed by i where Em,i is the measured
expression and Ep,i is the predicted expression and Si is the moderated standard deviation. For
the concentration-response data at t=144 h the sum (Fm,i-Fp,i)2/Si2 over all data points indexed
by i is computed. Here, Fm,i is the measured fold change with respect to the time point 0 h in
the untreated kinetic and Fp,i is the predicted fold change with respect to the predicted expression for time 0 h, untreated. The overall cost function is the sum of both contributions
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Parameter estimation
We estimated the parameters by optimizing the difference between data and model simulations weighted by the standard-deviation (see above). Optimization is performed in two iterations using first only untreated data and then all data. In the first iteration, we used an optimizer
based on simulated annealing (R package GenSA with option max.time=1000) to determine
the parameters A, B, n, gon, goff, dt from the untreated data. Initial values were A=min(e),
B=max(e), gon =0.1, goff=0.01, n=1, dt=0, where e is the vector of expression values in linear
units for the respective gene. In the second iteration, random starting parameters are generated in the interval (1/5⋅par,5⋅par), where par is the optimized parameter from the first iteration
using the latin hypercube sampling implemented in the function randomLHS from the package
lhs. The parameters gon', goff ', k1, k2, n1 and n2 that are not determined in the first iteration, are
either randomly drawn from the entire allowed interval (k1, k2, n1, n2) or drawn from the interval
determined by gon and goff, respectively (gon', goff ').
The fit is performed with a deterministic gradient descent optimizer (L-BFGS-B from the R
package optim). Starting parameters are randomly picked 50000 times from the interval described above. For each gene, the best fit is determined from all repetitions.
For both fit iterations, optimization parameters are restricted to the intervals 10 −5<gon'<10,
10−5<goff'<10,

10−6<k1<10,

1<n1<4,

10−6<k2<10,

1<n2<4,

1<A<6⋅104,

1<B<105,

10−5<gon<3,10−5<goff<3, 1<n<20,10−10<dt<100.

GSEA
GSEA was performed using the HTSAnalyzeR package for R. As reference gene sets for the
GSEA we used gene sets from the MSigDB v6.0 (gsea-msigdb.org), containing manually curated gene sets from pathway databases as well as published experiments (all curated sets,
c2.all.v6.0.entrez.gmt and KEGG sets, c2.cp.kegg.v6.0.entrez.gmt). For all curated sets and
KEGG sets, we used a minimum gene set overlap of 20 genes and 15 genes for computing
significance, respectively. The FDR for each gene set was computed from 10000 permutations. The GSEA exponent was set to 1.

Pathway gene sets
Gene sets for Figs. .7.4C, D, E, F were obtained as follows. Neural crest signature genes were
taken

from

the

MSigDB

(see
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“LEE_NEURAL_CREST_STEM_CELL_UP”. TGFbeta pathway genes were taken from the
MSigDB gene set named “KEGG_TGF_BETA_SIGNALING_PATHWAY”.
Wnt pathway target genes were obtained from (Mica et al. 2013) through the GEO database
(GSE45223). Gene expression data was processed as described above in the section data
preparation with the exception that for bins with expression < 10 the standard deviation was
set to the maximal value. Wnt induced genes were obtained using the fold change between
samples "WA09 embryonic stem cells, NC, day 3" and"WA09 embryonic stem cells, DSi, day
3” with a z-value threshold of 3.5. Wnt repressed genes were obtained using the fold change
between samples "WA09 embryonic stem cells, DSi, day 3" and"WA09 embryonic stem cells,
NC, day 3" with a z-value threshold of 3.5. The z-value was defined as mean expression divided by the moderated standard deviation.

Gene ordering in heatmaps
In order to sort genes by the time of peak expression, gene expression values were interpolated to a resolution of 0.1 h using the R function loess with a span of 0.8. Subsequently, the
time point of the maximum value of the interpolated expression was determined for each gene.

UMAP
Dimensional reduction of the transcriptome data for the 1500 top regulated genes was performed using the umap R package with parameters n_neighbors=4, n_epochs=4000 and

random_state=798395..
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7.5. Results
Heterogeneity of gene regulation during early neural differentiation
We used an in-vitro system where human pluripotent stem cells (hPSC) are differentiated according to the double SMAD inhibition neural induction protocol to analyze gene expression
dynamics. We ﬁrst obtained transcriptome proﬁles at twelve time points during the ﬁrst six days
of differentiation. To trigger a defined developmental disturbance (Balmer et al. 2014; Balmer
et al. 2012; Chanda et al. 2019; Rempel et al. 2015), we treated cells with 0.6 mM VPA and
obtained the transcriptome samples after 1, 2, 3, 4 and 6 days (Fig. 7.1A). A two-dimensional
Uniform Manifold Approximation and Projection (UMAP) representation was chosen to visualize transcriptome changes over time. The progressive gene expression changes over time
were clearly visualized by this approach. Compared to the trajectory of unperturbed cells, VPAtreated cells were clearly offset (Fig. 7.1B). As first overview of gene expression dynamics on
the individual gene level the 1500 top regulated transcripts were ordered by the time of their
peak expression. The gene expression heatmap clearly showed that many genes had their
highest expression at the start or end of differentiation, but that also a sizeable number peaked
at intermediate times (n=812) (Fig.7.1C). The sequential peaking of groups of genes is typical
for a highly coordinated sequence of neurodevelopmental steps. It may be explained by waves
of gene activation programs. The observed pattern is also consistent with the sequential occurrence of cell states that express particular genes. We observed that the timing of peak
expression remained broadly unaltered in VPA-treated cells, although a detailed comparison
of the patterns showed individual genes that shifted their time course of expression (Fig.7.1C).
To follow up on the latter finding, we examined whether peak times of VPA-affected genes
generally occurred later or earlier than in a normal differentiation. However, transcripts most
strongly affected by the drug (log fold changes > 2) showed a peak time distribution that did
not differ from little-affected genes (Fig. 7.1D). This suggests that VPA does not selectively
affect genes induced at a speciﬁc time point in development. The above analysis of the overall
expression pattern showed that VPA-affected genes are not peaking at a particular point in
time and that the number of genes peaking at a given time is not affected by the drug. However,
for individual genes we noticed that VPA treatment can cause dramatic changes in the expression concerning the timing as well as the extent of regulations (Fig. 7.1E). The complexity of
the transcriptome modulation by VPA treatment was our incentive to develop a mathematical
model of gene expression dynamics that would reflect the observed expression changes over
time.
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Figure 7. 1: The effect of HDAC inhibition on gene expression kinetics in spontaneously differentiating
hPSC.
(A) Time-resolved transcriptome data was obtained during the differentiation of hPSC from the pluripotent state to
the neuroepithelial stage (DoD6), using an established double SMAD inhibition protocol to direct cell fate. Data
were obtained for 12 time points (between 0 and 144 h) during undisturbed differentiation (VPA = 0 mM, n = 4
independent differentiations), and for 5 time points in the presence of 0.6 mM VPA (n=2-4). (B) Presentation of
dimensionality reduced (UMAP method) transcriptome data (time series for the 1500 most strongly regulated genes
during undisturbed differentiation) to probe differences between normal and VPA-affected differentiation. Numbers
indicate the time (in h) after initiation of differentiation. (C) Heatmap of gene expression (row-wise z-normalized)
over time for unperturbed differentiation (left) and cells treated with 0.6 mM VPA (right). Expression is shown for
the 1500 most strongly regulated genes, sorted by the time of peak expression. (D) The distribution of the time point
of peaking is shown for a subset of the 1500 genes from C that have their peak expression at a timepoint after day
0 or before day 6. Genes were grouped as strongly affected by VPA (red, n=64) or little affected by VPA (blue,
n=748). (E) Examples of expression kinetics for genes with different behavior in the case of undisturbed differentiation and differentiation in the presence of VPA. Data are means ± moderated standard deviation. (F) Schematic
of the structure of the kinetic model, based on the assumption that differentiation proceeds via a sequence of discrete cellular states (e.g. stages 1-4), and that the speed of transition can be described by the transition rates gon
and goff. A gene is assumed to be expressed only in a single cellular state (here in state 4, red). For a given gene
all transition rates between cell states are assumed to be the same (gon).The decay rate of the final state (here:
state 4) can differ (goff). Variations of gon/goff are exemplified in a 4 state model. The fraction of cells in a given state
is shown as a function of time. The model assumes all cells to be in state 1 at t=0. The fraction of cells expressing
the gene of interest (being in state 4) increases with time. The two panels on the right show the effects of increasing
either gon (top) or goff (bottom).
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Our model assumes that each cell transits through different states during differentiation, and
that each gene is expressed only in one speciﬁc state (Fig 7.1F). Application of the model to
cell population averages implies that the gene expression data it predicts are determined by
how many cells are in a state where the gene is in the “switched-on” state. To make the model
mathematically tractable, we base it on three assumptions. (i) For each gene, the cell has to
transit through n prior states before it enters the state n+1 where the gene is activated. (ii)
Cells transit through the ﬁrst n states with a rate g1, and they leave the active state with a rate
g2. (iii) For each gene, the parameters n, g1 and g2 can be different, i.e. each gene is modeled
separately (Fig. 7.1F). The basic working of the model may be exemplified for an n=3 situation,
in which the gene of interest is expressed in state 4 (final state) (Fig. 7.1F, bottom, left). On
the population level, an increase of g1 in this situation would lead to earlier and more peaked
gene expression (Fig. 7.1F, top, right). An increase of g2 would lead to an overall attenuated
expression (Fig. 7.1F, bottom, right). An intuitive explanation for this is that few cells ever occupy state 4 at the same time, because the off-rate g2 is high compared to the on-rate g1.

Modelling of dynamic transcriptome disturbances by VPA
In In order to extend the model to VPA-treated cells, additional data were required. We used
transcriptome data published earlier (Waldmann et al. 2014), in which the effect of eight additional VPA concentrations (from 25 µM to 1 mM) was measured after 6 days of differentiation
(Fig. 7.2A). When we inspected concentration-response curves for different genes in this data
set, we noticed a high heterogeneity: for example gene expression was perturbed at different
VPA concentration thresholds (NEFL is very sensitive while HPGD is only perturbed at high
concentrations of VPA). Also, we found the deregulation to reach a saturation (SIX3) or not
(KLF5). Finally, we noticed that some genes showed a non-monotonous concentration-response (e.g. GAD1 or NR2F2) (Fig 7.2B). In order to set up a model for the VPA effect that
reflects the molecular features of the neurodevelopmental program, we reasoned that VPA
was unlikely to affect the number of cell states. We assumed the drug to alter the parameters
gon and goff. Therefore, we made gon and goff monotonic functions of the VPA concentration
(modelled using a Hill function). The resulting model was then ﬁtted (i) to the expression data
at t=144 h for different VPA concentrations and (ii) to the time series data for unperturbed
differentiation and differentiations at 0.6 mM VPA (Fig. 7.2C). This procedure was applied for
each gene, i.e. training each model with 12 parameters on data from 86 samples for 25 conditions.
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Figure 7. 2: Establishment of a mathematical gene expression model of VPA-disturbed neurogenesis.
(A) Data matrix used to fit the combined kinetic and VPA effect model. For each condition marked in black, data
from 2 (time-dependency) or 4 (concentration response) microarrays were used. All numbers refer to independent
differentiations. (B) Curves exemplifying various types of concentration-response behavior of individual genes
(means ± moderated standard deviation, n = 4). Data for the effect of nine VPA concentrations on day 6 (t=144 h)
are shown. (C) Exemplification of the VPA effect model constraints (for goff and an example gene down-regulated
by VPA): It is assumed that the two rate constants of the kinetic model (gon and goff) depend on the concentration
of VPA, and can be described by a Hill model (shown in the first column). The Hill function “goff(VPA)” is parametrized
in such a way that the multi-step model fits both the endpoint data (expression levels for different VPA concentrations measured at 144 h, column 2) and the kinetic data (measurements of gene expression at different times ≤ 144
h, column 3). Three examples illustrate how the combination of constraints by endpoint and kinetic data lead to
model optimization for goff (VPA). Upper panel: the kinetics are correctly fitted but the endpoint is wrong for small
concentrations because the Hill curve is not steep enough. Middle panel: both the endpoint and kinetic data (after
VPA treatment) are not correctly fitted because the turning point of the Hill function is at too high VPA concentrations. Bottom panel: correct function goff (VPA), fitting both the endpoint and the kinetic data. (D) Example fits for
the genes PAX6 (top) and LGI1 (bottom). The left two panels show the fits for the Hill model, with the blue and
brown points indicating the VPA concentrations of 0 and 0.6 mM, respectively. The third panel shows data and fit
for the gene expression kinetics in the absence (blue) or presence of VPA (0.6 mM, brown). The fourth panel shows
the data for the 9 VPA concentrations and one untreated sample at the endpoint (144 h) of the differentiation together with the fit line from the model. (E) Amplitude shift and time shift with respect to fitted gene expression
kinetics are indicated by the offset of brown and blue dotted lines. (F) Distribution of genes with respect to the
amplitude shift triggered by 0.6 mM VPA compared to the untreated differentiation. (G) Boxplots showing the distribution of time shifts for genes peaking in the indicated interval in cells differentiating under control conditions. Boxes
indicate the interquartile distribution, horizontal bars the median.
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Example fits are shown for the genes PAX6 and LGI1 (Fig. 7.2D). The plots for the input functions for gon and goff illustrate how different concentration-dependencies of the rates gon and goff
can lead to distinct concentration-response behavior at the endpoint. We found that the multistep model with VPA concentration-dependent rates correctly described the observed changes
in gene expression amplitude and timing caused by VPA treatment (Fig. 7.2D). To judge the
general ability of the model to ﬁt the kinetic and concentration-response data, we computed
the correlation between data and ﬁts. We found a correlation coefﬁcient larger than 0.9 for 88%
of the 1500 ﬁtted genes for the unperturbed differentiation. For the concentration-response
data, we compared the ﬁts to the data for genes with a minimum log2 fold change of 1 at the
endpoint. For this group of 558 genes, 91% had a correlation coefﬁcient higher than 0.9. We
concluded that the model correctly describes expression patterns for the large majority of regulated genes in the presence and absence of VPA. In order to characterize the overall effect
of VPA on regulated genes, we computed the change in peak-to-trough expression (amplitude
shift) and the change in peak timing (time shift) (Fig. 7.2E) from the model ﬁts. We observed a
bias towards a decreased amplitude upon VPA treatment (69% of all regulated genes) (Fig.
7.2F). We analyzed the change in peak timing separately for groups of genes with similar peak
time in untreated cells because there is a bias towards positive shifts for early peaking genes
and a bias towards negative shifts for late peaking genes. When binning genes according to
the day of maximum expression in untreated differentiation, we observed that median time
shifts were close to zero (Fig. 7.2G). The model ﬁts thus indicate that expression changes over
time are mostly attenuated by VPA but not delayed. Taken together, we established computational models for hundreds of genes that capture gene expression kinetics during differentiation
and model the inﬂuence of VPA on the kinetics.

Explanation of non-monotonic concentration-response curves by gene
expression model.
We set out to validate the gene expression kinetics predicted by the model at previously untested concentrations. For this purpose, we selected genes that showed qualitatively different
concentration-response curves with respect to VPA at t=144 h (Fig. 7.3A). Saturating concentration-responses, were exemplified by three genes (PAX6, DAZL, OTX2) that are down-regulated and two genes (BMP5, SOX9) that a re-up-regulated by VPA. POU4F1 was included
as a gene that shows a slight increase in expression at low concentrations, and a pronounced
decrease at high concentrations.
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Figure 7. 3: Multi-state model-based predictions of gene expression under the influence of VPA.
(A) Model fit and experimental validation for genes with different types of concentration-response behavior. The left
panel shows examples of genes with largely monotonic concentration-response behavior. The right panel exemplifies non-monotonic responses. For each gene, the first column (from left to right) shows the experimental data
(means ± moderated standard deviation) together with the model fit for the time-dependent expression in the presence of 0 (blue) or 0.6 mM (brown) VPA. Next, the concentration-response data for 6 days of VPA exposure are
shown together with the model fit. The third column indicates the model predictions for gene expression kinetics at
VPA concentrations of 0, 0.35, 0.6 and 0.8 mM. The fourth column shows expression kinetics data from a validation
experiment using RT-PCR (means ± SD, n = 3). The concentrations were 0, 0.3, 0.6, 0.8 mM (blue to orange). (B,
C) Detailed exemplification of non-monotonic concentration-response behavior predicted by the model for the GAD1
gene. The graphs in B show how the VPA concentration affects the production rate (gon) and the decay rate (goff).
Both rates change monotonically with the VPA concentration. (C) The left plot shows the computed model prediction
of gene expression over time, at VPA concentrations increasing from blue to orange (range: 0-1 mM). The peak
concentration not only increases with increasing VPA concentration, but also moves to earlier time points. The plot
to the right shows fold changes in gene expression based on the data on the left, for a time of 72h, 96h and 144 h
and for various VPA concentrations vs control.

135

Results- manuscript 3: Kinetic modeling of stem cell transcriptome dynamics
to identify regulatory modules of normal and disturbed ectodermal differentiation

Most importantly, we also selected genes that show a pronounced non-monotonic behavior,
where expression is either reduced or increased at intermediate, but not at high concentration.
(Fig. 7.3A, right column). Using the model ﬁts, we simulated expression kinetics for different
VPA concentrations (0.35 mM, 0.6 mM and 0.8 mM VPA). The model predicted that treatment
with VPA can dramatically alter the amplitude of peak expression (see e.g. OTX2), as well as
timing of peak expression (see e.g. DAZL). BMP5 exemplified the case of changes in both
peak expression and peak timing. These predictions were then tested by measuring expression kinetics with quantitative RT-PCR. When comparing the peak timing and changes in amplitude, we observed good qualitative agreement with the model predictions (Fig. 7.3A, rightmost panel for each gene). Quantitatively, the 12 tested genes have an average correlation
between predicted and measured expression values of 0.86 (Pearson’s r). Our observation
that non-monotonic concentration-response curves were predicted with high accuracy was
surprising, given the fact that the model represents the effect of VPA as monotonic functions
(gon(VPA) and goff(VPA)). We therefore analyzed the model simulations with regard to the question how such behavior can occur. An intuitive understanding of this model feature can be
obtained from a detailed examination of the GAD1 gene (Fig. 7.3B/C). In this example, gon
increases with increasing concentration and goff decreases with increasing concentration. This
leads to an increase in amplitude and earlier peaking times as the VPA concentration is increased (Fig. 7.3C). However, because goff is more sensitive to changes in concentration than
gon, the increase in amplitude precedes the change in timing. This explain why, at t=144 h
expression is ﬁrst increased, then decreased. We concluded that the gene expression model
we developed correctly predicts differentiation kinetics at VPA concentrations on which the
model was not trained. It furthermore helps to explain non-monotonic concentration-response
curves, as monotonic changes in activation and de-activation kinetics can in combination lead
to non-monotonic fold change at a given timepoint (e.g. t=144 h), while peak time and maximal
expression change monotonically.

Identification of Wnt signaling as major driver for divergent
differentiation
Due to non-monotonic and transient effects of VPA, analysis of single time points or at single
concentrations might be misleading. We therefore used our gene expression model to predict
gene expression for various times and VPA concentrations, and used these predictions to ask
which cellular processes are perturbed by VPA during differentiation.
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Figure 7. 4: Up-regulation of Wnt and TGFbeta pathway genes in cells exposed early in the differentiation
time course to VPA.
(A) GSEA using curated gene sets from the MsigDB on the fold change between VPA-treated and untreated cells
at the indicated time points and concentrations. The significance of enrichment is shown as a heatmap for the top
enriched term “Neural crest stem cell up” (q<10-4) The fold change data were measured for different VPA concentrations at the time point 144 h and for different time points at the concentration of 0.6 mM VPA (grey indicates no
measurement available). Fold changes for all other times and concentrations are model predictions. (B) GSEA as
in A using KEGG pathway gene sets available in the MsigDB. The enrichment scores are shown as heatmaps for
the five top enriched pathways (q<0.05), with red indicating enrichment and blue indicating de-richment (grey indicates no measurement available). (C) The fold change between cells treated with 0.6 mM VPA and untreated cells
is shown as a heatmap for Wnt-induced and Wnt-repressed genes separately at the indicated time points. Significance is indicated below the time point (*, p<0.05, Fisher’s test) (D) The average fold change between cells treated
with 0.6 mM VPA and untreated cells is shown for the following groups of genes: Genes up-regulated in neural
crest cells (Neural crest), genes induced by Wnt signaling (Wnt) and genes annotated as being part of the TGFbeta
pathway (TGFb). The symbols indicate the significance of the up-regulation at the respective time point (*, p<0.05;
**, p<0.01, ***, p<0.001, Wilcoxon rank sum test) (E) Average concentration-response curves at the differentiation
endpoint (t=144 h) for gene groups from D are shown. The symbols indicate significance as in (D). (F) H9-hPSC
were differentiated towards neuroepithelial cells and treated with 0.6 mM VPA during different time windows. Two
early windows, 24 h-72 h (blue) and 24 h-96 h (green) as well as two late windows, 72 h-144 h (magenta) and 96
h-144 h (orange) were compared to the continuous treatment 0 h-144 h (red). GSEA on the fold change of VPA
treated cells compared to untreated cells for neural crest up-regulated genes for different treatment windows: Coloured lines indicate the enrichment score for the respective treatment window and coloured vertical bars indicate
the fold change rank of all neural crest up-regulated genes with respect to the fold change of all genes for the
respective treatment window.
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Specifically, we predicted fold changes for regulated genes at densely spaced time points (0144 h) and VPA concentrations (0-600 µM). Subsequently, we performed gene set enrichment
analysis (GSEA) on the predicted fold changes. The term with the maximum enrichment score
was “Neural Crest Stem Cell-up (NCSC)”. For the VPA concentration of 0.6 mM, which is associated with clinical birth defects (Waldmann et al. 2014), neural crest stem cell (NCSC) signature genes were enriched from about 50 h onwards. Even at much lower drug concentrations
(down to 0.1 mM), enrichment was found, but it occurred at later time points (Fig 7.4A). The
model predictions were further used to identify possible mechanisms by which VPA induces
NCSC genes. We found 18 KEGG pathways showing a sufficient overlap with our set of regulated genes to compute meaningful p-values. Five of them were significantly enriched: Focal
adhesion, P53 signaling, MAPK signaling, TGFβ signaling and Wnt signaling. The time-concentration matrix of the enrichment scores of p53 signaling indicated activation of this pathway
at minimal VPA concentrations, and increasing concentration did not enhance this effect. For
focal adhesion, TGFβ and MAPK signaling, 300 µM VPA led to an up-regulation, which persisted until at least 144 h. The regulation of Wnt-associated genes was particularly interesting,
with only a transient up-regulation for about 50 h. Increased VPA concentrations shifted the
time frame of up-regulation towards earlier times, so that it was not enriched for at the 144 h
data points (Fig 7.4B).The predicted up-regulation of Wnt signaling and TGFβ signaling is remarkable, because both pathways are known to play a role in neural crest development (Leung
et al. 2016; Patthey et al. 2009). To further investigate the connection between Wnt/TGFβ
signaling and NCSC induction, we derived a Wnt target gene signature (Supplementary table
S1) from a transcriptome study in human embryonic stem cells (Mica et al. 2013). When examining the VPA-induced fold changes for these genes at the relevant time period (48-96 h),
we observed that Wnt induced genes tended to be up-regulated by VPA, while Wnt-repressed
genes were rather down-regulated. This trend is consistent with an activation of Wnt signaling
by VPA (Fig. 7.4C).To confirm this hypothesis, we used a more robust approach: average foldchanges caused by VPA treatment for Wnt-activated genes, for TGFβ pathway genes, and
NCSC signature genes were calculated for measured time points and VPA concentrations.
This data showed that VPA treatment indeed lead to a transient response for Wnt-induced
genes. In contrast, NCSC signature genes and TGFβ pathway genes showed increased upregulation over time (Fig. 7.4D). Predictions from our model suggested that NCSC signature
genes were induced already at very low VPA concentrations (Fig. 7.4E). A steep increase in
regulation by VPA was observed in the 200-400 µM range, while the average fold change
hardly increased at concentrations above 0.5 mM. Such data are of high interest for systems
pharmacology models and toxicity prediction algorithms. With respect to our model, it was also
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very interesting to observe that Wnt signaling target genes were not significantly altered, when
analyzed at the usual model endpoint (144 h) (Fig. 7.4E). They were only clearly identified by
modeling of data for earlier time points. This re-emphasizes the need to provide and analyze
kinetic data.The transient activation of Wnt signaling targets could mean that differentiating
cells are susceptible to altered Wnt signaling only for a limited duration. This would explain the
frequent observation in developmental toxicology of particular windows-of-sensitivity (Balmer
et al. 2014; Dreser et al. 2020). To investigate this further, we treated cells with VPA at different
times and with variable treatment duration and reanalyzed a published dataset (Dreser et al.
2020; Waldmann et al. 2017) (Fig.7.4F). GSEA for NCSC genes showed a marked difference
between early and late treatment windows, with late treatments failing to efficiently upregulate
NCSC genes. Brief early treatments led to a very similar up-regulation as continuous treatment.
This implies that differentiation disturbances by VPA are most efficient/toxic during early neurodevelopmental periods (Fig.7.4F). Taken together, these applicability tests of our mathematical gene expression model show that this form of data analysis can unveil complex regulation
patterns, exemplified here by a transient dysregulation in Wnt signaling associated with a permanent up-regulation of the NCSC fate.

Altered VPA-induced neural crest formation by interference with Wnt
signaling
Finally, we tested in how far the toxicant-induced shift of differentiation from neuroepithelial
cells towards neural crest cells may be prevented by interference with Wnt signaling. First, a
diverse set of Wnt target genes relevant for early neurodevelopment (DACT, SP5, SIX3, GAD)
was analyzed to compare the response to VPA with the one triggered by the well-established
Wnt activator CHIR (CHIR99021; a specific inhibitor of glycogen synthase kinase-3) (Balmer
et al. 2014; Selenica et al. 2007). The analysis was performed after three days of differentiation
(DoD3), a time period relevant to fate switching. Both VPA and CHIR triggered similar response
patterns (Fig. S7.3A). Moreover, analysis of the established neuroepithelial test endpoints (expression of PAX6 and of OTX2) on DoD6 confirmed that Wnt activation during the differentiation process by CHIR indeed disturbed the correct differentiation. The drug attenuated the upregulation of PAX6 and of OTX2; in other words, CHIR triggered a relative downregulation of
the neuroepithelial markers compared to untreated control cells (Fig. S7.3B). Having established that Wnt signaling may disturb neuroepithelial differentiation in our experimental system,
we used the beta-catenin inhibitor ICRT3 as tool to attenuate this pathway. In a proof-of-concept experiment we found that ICRT3 attenuated the expression of typical neural crest genes
(TFAP2, PAX3, MSX1) in cells treated with CHIR (Fig. S7.5A).
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Figure 7. 5: Interference with toxicant-induced Wnt activation and neural crest formation.
(A) Pluripotent stem cells were differentiated within 6 days to neuroectodermal precursor cells; in some experiments,
these were further differentiated until DoD15, when they formed neural rosettes. The developing cells were either
exposed to valproic acid (VPA; 400 µM; from DoD0-DoD6) or they were co-treated with VPA + ICRT3 (beta-catenin
inhibitor; 30/60 µM; from DoD2-6). For analysis, gene expression was measured by quantitative real-time PCR
(qPCR), marker proteins were evaluated by immunocytochemistry or rosette formation was quantified by immunostaining followed by automated imaging. (B) The mRNA levels of three neural crest marker genes (TFAP2,
PAX3, MSX1) was measured after treatment with VPA alone or VPA + ICRT3. Data is shown as fold change relative
to the untreated control. (C) Cells were fixed and immunostained for SOX10 and nestin, after treatment with VPA
or VPA + ICRT3 (30 µM). (D) Quantification of SOX10 staining in DoD6 cells. Stained cultures were imaged and
SOX10-positive pixel were counted. They were normalized to the nuclear area (H-33342-positive pixels). (E) Cells
were differentiated and treated as described in A until DoD15. Immunostaining was performed for ISL1 and p75,
and quantification was performed as in D. Data is shown relative to untreated controls.
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(F) Cells were treated as described in A until DoD15. Then, the tight junction marker ZO1 (zona occludens 1; red),
the golgi marker GM130 (Golgi matrix protein 130 kDa; green) and nuclei (blue, H-33342 DNA-intercalating dye)
were stained, and rosette formation was quantified. The left images show untreated cells that form neural rosettes.
Each red dot surrounded by a green halo represents one rosette. The two dashed white rings (80 µm diameter)
indicate exemplary rosettes. (G) The neural rosette formation assay (RoFA) software was used to quantify rosettes
(normalized to the number of cells in a well). Data are given relative to the untreated control. All data are means ±
SD of at least 3 replicates, *: p < 0.05; **: p < 0.01; ***: p < 0.001.

Thus, we proceeded to a series of experiments investigating the effect of ICRT3 on cells
treated with VPA (Fig. 7.5A). On the gene expression level, 30 µM of ICRT3 already attenuated
the VPA-induced up-regulation of TFAP2 and MSX1, but not PAX3 (Fig. 7.5B); at higher concentrations (60 µM), ICRT3 had pronounced attenuating effects on all three neural crest
marker genes (Fig. S7.4B). More importantly, the beta-catenin inhibitor also prevented protein
expression of the neural crest master regulator SOX10 in the presence of either 400 µM (Fig.
7.5C) or 600 µM VPA (Fig. S7.5A). This phenotypic effect was persistent, as the intermittent
treatment with ICRT3 (from DoD2-DoD6) also prevented the up-regulation of neural crest
marker proteins ISL1 and p75 (also named TNFRSF16, CD271, p75NTR) at DoD15 (Fig. 7.5D,
Fig. S7.5B).These data strongly suggest that the intermittent up-regulation of Wnt pathway
genes contributes to the differentiation switch away from neuroepithelial cells and towards
neural crest. The rescue from disturbed neuro-differentiation by ICRT3 was further investigated
in a rosette formation assay (Dreser et al. 2020; Waldmann et al. 2017). Self-organized formation of rosettes is a hallmark of the neuroepithelial phenotype, and has been considered as
functional correlate of neural tube formation (Balmer et al. 2012; Elkabetz et al. 2008). The
cells generated by our standard protocol (Dreser et al. 2020) showed extensive formation of
neural rosettes, which was completely disturbed in cells exposed to VPA during the pivotal
differentiation period of DoD0-DoD6 (Fig. 7.5F). Co-treatment with ICRT3 (from DoD2-DoD6)
fully restored the rosette formation capacity of the cells (Fig. 7.5F, G). Thus, interference with
Wnt signaling at a critical period of differentiation prevented the neurodevelopmental phenotype triggered by VPA.
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7.6. Discussion
Analyzing perturbations of differentiating cells is particularly difficult, compared to similar approaches in more or less static cell cultures. For instance, a matrix of time- and concentrationresolved data needs to be analyzed. Here, we used interpolation of a limited amount of data
by a kinetic model to make such an analysis feasible. The modeling principle may be applied
to any other differentiation process in cell biology and organism development that is affected
by an additional factor (signaling molecule, drug or gene dose). Previous genome-wide modeling was mainly focused on the description of gene expression dynamics in terms of RNA
production and turnover rates (e.g. (Uhlitz et al. 2017)). This allowed excellent modeling of
transcriptome changes triggered by defined signaling events in static cell cultures. Extensions
of these models allowed very precise predictions of kinetic rates, particularly when combined
with metabolic labeling (de Pretis et al. 2015; Jurges et al. 2018; Rabani et al. 2014). Recent
progress also allowed definition of cell trajectories in single cell data (La Manno et al. 2018). A
major principle that distinguishes our current work from previous transcriptome descriptions is
our model assumption of distinct cellular states in which particular genes are expressed, and
that the transition between these states is slow relative to gene expression kinetics. This feature allowed us to model long time series as typically observed during differentiation of human
cells. An important finding of the model applications was that a small set of simple assumptions
(e.g. monotonic modeling of gon and goff) can lead to predictions of complex behavior, such as
non-monotonic concentration-response curves. Another important conclusion is that few experimental samples may be used to predict unobserved points in a relatively large data matrix.
Vice versa, the model may be used in the future to predict the most efficient experimental
design to allow robust predictions in particular sub-areas of the differentiation-disturbance matrix. With the help of model simulations, we studied the effect of VPA on differentiating stem
cells during the first six days of a well-established neural induction protocol. This model was
chosen to exemplify processes where dynamic natural transcriptome changes are overlaid
with those triggered by an external stimulus (2-dimensional response matrix). This particular
biological model was also used as it is supported by robust clinical data (Blotiere et al. 2019;
Bromley et al. 2017). The use of VPA during pregnancy can lead to a complex phenotype,
often described as fetal valproate syndrome. Notably, different windows of exposure need to
be distinguished. If the drug is given during the period of neural network formation (pregnancy
months 2-3 onwards), an autism-related phenotype may arise. This is associated with the endophenotype of altered neurite connectivity, and it has recently been shown to be related to
the down-regulation of the cytoskeletal/microfilament regulator MARCKSL1 (Chanda et al.
2019). Drug exposure during earlier phases of development (about 4 weeks after conception)
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is better documented, and it leads to neural tube defects and alterations related to neural crest
function (e.g. cleft palate) (Blotiere et al. 2019; Bromley et al. 2017). Spina bifida and hydrocephalus are the clinically best-documented malformations in this case, and the test system
used here (STOP-tox(UKN)) refers to this neuro-teratological problem (Balmer et al. 2012). Interestingly, the upstream signaling disturbances triggered by VPA may be similar in early and
late phases: HDAC inhibition and block of GSK-3 activity. The activation of the Wnt pathway,
and a related shift from central neural development to neural crest development was found
here as a main pathological pathway for early-stage drug exposure. In exposed rats, it was
shown that VPA induced beta-catenin and phospho-GSK3 in brain tissue (Gould et al. 2004;
Qin et al. 2016). Although such studies suggest that VPA treatment affects Wnt signaling, an
exact molecular explanation is still lacking. VPA itself is a poor inhibitor of GSK3, and other
molecules that trigger similar responses as VPA (e.g. trichostatin A) do not affect this kinase
at all. Possibly, the main primary target of VPA is a broad spectrum inhibition of HDACs (excluding HDAC6), which then leads indirectly to a Wnt response (De Sarno et al. 2002; Wiltse
2005). It has been shown that the direct effects of VPA on histone acetylation have an indirect,
but permanent effect on methylations (Balmer et al. 2014). In line with this, it has been suggested that VPA increases the expression of Wnt target genes in prenatally exposed rats by
altering demethylation state of Wnt-activators (Wang et al. 2010). Dissecting the transcriptional
changes by which VPA affects Wnt signaling is complicated by the dynamic nature of the problem. The initial signaling phase is quickly followed by secondary effects, and signaling pathways often contain feedbacks that limit signal duration. Thus, the timing of the observations
after a perturbation can be critical when trying to identify direct effects on signaling, and concentration-dependent effects complicate the analysis. Our approach tries to overcome these
limitations by augmenting the limited experimental resolution in time-concentration space, using a dynamic model. Further insights could be gained in the future by combining the model
with single cell transcriptome data. This would allow anchoring of the model states to transcriptome states that are observed in cells during differentiation (Farrell et al. 2018; Jang et al.
2017; Saelens et al. 2019; Trapnell 2015). Under such conditions, we would be able to use the
same states and their transition rates for all genes, instead of using independent state models
for each gene. This would further constrain the parameters and thus provide robustness and
interpretability of the model. Consequently, the transition rate parameters could yield typical
half lifes of transcriptome states that are currently inaccessible by models using a single cell
snapshot. It would also complement pseudotime reconstruction algorithms that lack absolute
time scales (Haghverdi et al. 2016; Trapnell et al. 2014).Taken together, our modeling framework allowed us to model the effect of a perturbation on a complex developmental transition
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and helped us to unveil the molecular pathway that mediates dysregulation due to the perturbation. We believe that this framework is broadly applicable for the analysis of transcriptome
changes in complex differentiation processes that are subjected to perturbations.

7.7. Availability
The R scripts to generate Figures 1-4 are publicly available in the GitHub repository
https://github.com/johannesmg/kinetic_modeling_stem_cell_transcriptome_dynamics. The R
scripts used for fitting the dynamic model are also publicly available in the GitHub repository
https://github.com/johannesmg/BatemanDiff.
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7.10. Supplementary information

Figure S7. 1: Primary antibodies that were used for the study.

Figure S7. 2: Primers that were used for the study.
Figure S7. 3: Wnt signaling and its consequences in the STOP-tox(UKN) assay.
(A) Cells were differentiated until DoD3 using the standard STOP-tox(UKN) assay
protocol (= untreated controls), or they
were exposed during the differentiation to
valproic acid (VPA) or the Wnt activator
CHIR. Then, cells were lysed, the mRNA
was isolated, and the expression of the Wnt
marker genes DACT, SP5, SIX3 and GAD1
(REF?) was investigated (reverse transcription real-time PCR). Data are means ±
SD from three experiments. (B) Cells were differentiated as in A, but until DoD6. They were left otherwise untreated
(control) or exposed to CHIR from DoD0-DoD6. Then, gene expression of the standard STOP-tox(UKN) assay
endpoints PAX6 and OTX2 was measured by PCR. Data (means ± SD, n = 3) is depicted relative to the untreated
control. The data confirm previous findings (8) that Wnt activation affects the assay outcome.
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Results- manuscript 3: Kinetic modeling of stem cell transcriptome dynamics
to identify regulatory modules of normal and disturbed ectodermal differentiation
Figure S7. 4: Attenuation of neural crest differentiation by the Wnt
pathway

inhibitor

ICRT3.
Cells were differentiated
until DoD6 using the
standard

STOP-

tox(UKN) assay protocol,
modified by the addition of CHIR (2 µM) or VPA (400 µM), two toxicants shifting the differentiation from the neuroepithelial lineage towards neural crest (8,9). On DoD6, the expression of marker genes was analyzed by PCR.
(A) Cells were treated with CHIR alone, or the beta-catenin inhibitor ICRT3 (60µM) was added in addition from
DoD2-6. The expression of the neural crest marker genes TFAP2, PAX3 and MSX1 was investigated, and data are
indicated as CHIR+ICRT3 vs CHIR alone. Negative numbers on the abscissa indicate a relative downregulation (=
attenuation of the CHIR effect) by ICRT3. (B) Cells were treated with VPA alone, or the beta-catenin inhibitor ICRT3
(30 µM and 60µM) was added in addition from DoD2-6. The expression of the neural crest marker genes TFAP2,
PAX3 and MSX1 was investigated, and data are indicated as VPA+ICRT3 vs VPA alone. Negative numbers on the
abscissa indicate a relative downregulation (= attenuation of the VPA effect) by ICRT3. All data are means ± SD,
n=3.

Figure S7. 5: Rescue from
toxicant-induced

neural

crest formation by the betacatenin inhibitor ICRT3.
(A) Pluripotent stem cells were
differentiated until DoD6, and
exposed to solvent or valproic
acid (VPA, 600 µM) from
DoD0-DoD6. They were cotreated or not with ICRT3
(beta-catenin inhibitor; 60 µM)
from

DoD2-DoD6.

Then,

SOX10 protein was immunostained, and the number of positive cells was quantified (SOX10 positive pixels were
counted automatically and they were normalized to the nuclear area, as identified by H-33342 staining). Data are
means ± SD; n=3. The untreated control (Con; differentiation without toxicants or inhibitors) is used as reference to
calculate fold-changes of treated cells. (B) Pluripotent stem cells were differentiated until DoD15, and exposed to
valproic acid (VPA, 600 µM) from DoD0-DoD6. They were co-treated with ICRT3 from DoD2-DoD6. On DoD15,
cells were fixed and immunostained for ISL1 and p75 (the low affinity nerve growth factor receptor NGFR, aliases:
TNFRSF16, CD271, p75NTR). The number of positive cells was quantified as in A in 7-16 wells. Data are means
± SD. Data is shown relative to untreated control (Con).
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8. Concluding discussion and perspectives
The number of available in vitro DNT test systems is constantly increasing and many developmental processes can be covered already (e.g. neurite outgrowth (Delp et al. 2018; Hoelting
et al. 2016; Krug et al. 2013a), neural crest cell migration (Dreser et al. 2015; Nyffeler et al.
2017b), PNS/CNS neuronal degeneration (Scholz et al. 1999). The test method discussed in
this thesis, the UKN1 was already used for many studies to investigate important developmental mechanisms and it bears a lot of potential.
This thesis consists of three manuscripts that lead to the improvement of the UKN1 test method
as a DNT test. Moreover, in manuscript 2 and 3 we investigated its applicability for mode of
action studies of compounds influencing gene expression.
The first manuscript addresses the improvement of the concentration finding to avoid unspecific toxicity in the system and to distinguish between general toxicity and DNT effects. The
use of relevant concentrations is especially important when exploring pathways of toxicity of
an interfering compound. Manuscript 1 represents the first that addressed this issue and
serves therefore as an important basis for future study planning and execution.
The second manuscript addresses and improves the reliability and the predictive capacity. This
was accomplished by the addition of a second endpoint to distinguish between irreversible
DNT effects and a transient gene expression deregulation. The ability of the cells to form an
“in vitro neural tube” was used as a phenotypic endpoint, which connects disturbances in gene
expression with later effect in development. The neural rosettes resemble neural tube formation in vitro impressively and provides an endpoint that is strikingly close to the in vivo situation. It was shown, that the phenotype is clearly linked to gene expression changes and gene
expression can be used to predict an outcome vice versa. Furthermore, the data were used to
determine the distinct time windows of sensitivity for developmental disturbances caused by
HDACi.
The third manuscripts uses computational analysis based on the gene expression data of developing cells and gives an outlook how the future application of such a test may look like.
Here, a statistical model was developed to simulate and predict gene expression changes at
unknown concentrations and unknown time points during differentiation. Additionally, it correctly identified pathways that are only transiently up- and down-regulated.
As a proof of concept, the pathway prediction based on the classical gene expression endpoint
was also supported in this study by the rosette formation endpoint (manuscript 2). The combination proofed to be of value to investigate the pathway of toxicity of VPA.
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The following discussion and the demonstration of the evolving perspectives will focus on the
UKN1 test method regarding its potential (i) as a “standard” DNT test method as well as (ii) its
potential to investigate underlying developmental pathways and mechanisms. The following
section will provide an overview of the history and the development of the test method.

8.1.

History of the UKN1 test method

The UKN1 assay was initially published in the frame of the ESNATS (Embryonic Stem cellbased Novel Alternative Testing Strategies) project by (Krug et al. 2013b). In this projects, five
stem cell based assays using transcriptomics as functional readout were combined into a first
pilot test battery. Since this appeared to be a promising approach, a follow-up project was
launched and the assay was constantly improved during the last decade. Initially, hESC were
differentiated to NEPs within 6 days. However, during the years the differentiation was adjusted
to different iPS cell lines to fulfil ethical regulations. A video protocol of the differentiation was
published (Shinde et al. 2015), the assay was rated on its readiness for validation (Bal-Price
et al. 2018a) and was transferred to another laboratory, recently. Ultimately, in frame of this
work, a phenotypic readout serving as an anchor point for the transcriptome changes, was
developed. Rosette formation was detected and analysed at DoD15 (Dreser et al. 2020); Results chapter 2). Besides the development of the assay as a tool for testing for DNT compounds, the UKN1 assay was used for the investigation of key processes of development.
Furthermore, it played an important role in defining important issues and solutions in toxicity
testing strategy.
However, the assay has not only improved technically, but also broadened its applicability by
enabling the investigation of underlying developmental mechanisms. It was used to investigate
how epigenetics are involved in toxicity of a compound (valproic acid). In a first study the system was used to gain a first epigenetic understanding about complex transcriptome changes.
The study mainly addressed how transcription factors are downregulated (Balmer et al. 2012).
In a second epigenetic study, the switch from reversible to irreversible histone marks was addressed. A “point of no return” was assessed as an epigenetic switch form acetylated (active)
to methylated (repressive) histone marks changing differentiation track irreversibly (Balmer et
al. 2014). The mechanism playing a role in DNA accessibility and gene expression was investigated by chromatin immunoprecipitation of histone marks.
Furthermore, transcriptome data were used to generate interpretation strategies how to handle
big data and how to use them for practical applications. The system served to investigate how
different compound concentrations affected the transcriptome and helped to define proper con-
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centrations for DNT testing strategy (BMC10). Concentration-dependent effects on the deregulation of probe sets as well as the effect on biological motifs and pathways was assessed and
used to define criteria for a testing strategy (Waldmann et al. 2014). In the frame of this thesis,
a pattern for adaptive response and cytotoxicity was found, and biomarkers to distinguish between this two effects were introduced (Waldmann et al. 2017); manuscript 1). A toxicity index
was suggested, that analyses the transcriptome based on the DNT genes and the toxicity
genes. It addresses the question if a compound affects neurodevelopment and to which extent
(Shinde et al. 2016a).
Additionally, two groups of compounds (HDACi and mercurial) were applied to the system and
a pattern was identified to classify compounds and match them with their respective compound
groups (Rempel et al. 2015). The study by Rempel et al allowed a first outlook if and how it will
be possible to generate compound class-specific patterns and what is necessary to distinguish
between groups. The authors of the study suggested 8 marker genes that were capable to
distinguish between the two groups (Rempel et al. 2015)
Finally, In frame of this thesis, a computational model was trained based on the transcriptome
data of a time course of the unperturbed differentiation as well as gene expression perturbation
induced by different VPA concentrations assessed at DoD6 (manuscript 3). The model is able
to predict gene expression changes at all time points for different valproic acid concentration.
Overall, the assay evolved and improved continuously over the last decade, broadening its
applicability domain and significantly contributed to the understanding of the key requirements
of DNT test systems. The findings and the development of the assay is summarized in figure
10.
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Figure 10: History of the UKN1 test method. Milestone papers were collected and sorted chronologically. An
exemplary figure of a graphical summary was selected from each publication. The text on the right indicates the
major findings and/or the scientific advances brought forward by the respective publications (red script). Green
boxes indicate further development of the UKN1 assay. The following publications were included: [1] (Chambers et
al. 2009) [2] (Balmer et al. 2012), [3] (Krug et al. 2013a), [4] (Balmer et al. 2014), [5] (Waldmann et al. 2014), [6]
(Shinde et al. 2015), [7] (Shinde et al. 2016a), [8] (Rempel et al. 2015), [9] (Waldmann et al. 2017), manuscript 1,
[10] (Bal-Price et al. 2018a), [11] (Dreser et al. 2020) manuscript 2, [12] manuscript 3.

8.2.

Relevance and uniqueness of the test system

As described above, the test method has a long history and was used as a tool to investigate
mechanisms that drive early neurodevelopment. Reproducibility and robustness were shown
by intra and inter-laboratory transferability underlying the quality of the test. However, some
shortcomings have not yet been addressed. For example, UKN1 possesses rather low
throughput compared with other developed DNT models, e.g.(Krug et al. 2013a), (Delp et al.
2018), (Dreser et al. 2015; Nyffeler et al. 2017b).
However, tests based on differentiating cells as cell model are sparse. Comparable tests, such
as the mouse EST (Seiler and Spielmann 2011), which can be used as high throughput, possess the disadvantage that the test could not be transferred so far to a human EST. Other
similar approaches include e.g. the modeling of the “germ layer formation” (de Leeuw et al.
2020; Shinde et al. 2016b). These tests, in contrast to the UKN1 differentiation, use undirected
differentiation. This means that the pathway driving the development is not triggered by externally added compounds like in the UKN1. On one hand, the cells are not “manipulated” and
will react on a compound stimuli without interference of other small molecules. On the other
hand, undirected differentiation might also not reflect the in vivo situation one-to-one since in
vivo many small molecule gradients guide the development in a complex way. Due to the mixed
cell population, the cells likely only partly respond to a toxicant, which might lead minor cellular
changes that cannot be recognized. Additionally, in such systems the assessment of the mode
of action of a compound is more difficult since the underling pathways leading to the differentiation are unknown.
Using rosette formation as a readout for a DNT test method has been previously proposed by
Colleoni at al. in 2011, but it was only used for low scaling without automatization and detection
effects on single rosettes (Colleoni et al. 2011; Colleoni et al. 2012). Another highly complex
model addressed the neural rosette dynamics by investigation of interkinetic nuclear migration
during development of early neural rosettes and early radial glia rosettes. The dynamics were
also suggested for drug screening purposes (Ziv et al. 2015).
Recent evidences showed that DNT high throughput tests not always are able to detect DNT
compounds. It has been shown that compounds, which disturb the UKN1 differentiation such
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as HDACi (which are also known in vivo to induce NTD (Omtzigt et al. 1992; Vajda et al. 2004)
are missed in test batteries without differentiation systems (unpublished data: EFSA). This can
be explained by the fact that the UKN1 test method detects long term (secondary) effects
rather than direct toxicity. This makes it on one hand unique compared to other (fast) tests. On
the other hand difficulties arise to interpret data and to follow direct compound effects. By
capturing the effect at DoD6 (gene expression) or even later at DoD15 (rosette formation) the
secondary effect manifests as a result of many different processes (toxicity and compensatory
pathways) that accumulate. The differentiating cell culture probably consist of different cell
populations. These conditions make it difficult to follow and to track the compounds’ mode of
action. However, at the same time this represents an interesting and challenging research
question, which will be/can be addressed by single cell sequencing in future studies. These
studies will allow the tracking of different cell populations over time and follow the changes that
are introduced by compounds. Single cell sequencing has for example been used to track
development in gastruloids (van den Brink et al. 2020). The single cell data might be used to
define unique marker patterns for different cell populations and then allow to monitor shifts in
populations e.g. by using reporter or staining.
In the past, using transcriptome changes as a toxicological endpoint has been criticized in
terms of data interpretation since the significance, relevance and the reversibility of the expression deregulation is unknown (Corvi et al. 2016). By the addition of the phenotypic anchor
to the transcriptome changes such criticism can be circumvented. Moreover, as demonstrated
in manuscript 2, gene expression and phenotypic endpoint showed a clear correlation and the
number of relevant genes could be reduced to a minimal marker set that may serve as a fingerprint.
The identification and testing of appropriate concentrations is also currently under debate. This
issue is of high relevance, and it was therefore addressed for the UKN1 system as well (manuscript 1). To identify appropriate testing concentrations, different strategies might be followed.
The standard strategy for UKN1 is to determine the highest non-cytotoxic concentration, which
includes performing a general toxicity test (resazurin assay). In a second step, the EC10 concentration or if no cytotoxicity is observed, the highest plausible concentration (e.g. c max or
higher) is tested in the assay. By this approach threshold concentrations for risk assessment
can be investigated and specific DNT compounds are filtered, while unspecific cytotoxic effects
are avoided. Other concepts, that first seem logical and easier to follow such as using fixed
concentrations like the cmax or 20 fold cmax (Hengstler et al. 2020; Sjogren et al. 2018) are not
applicable for the UKN1 assay since compounds that show general cytotoxicity would also be
classified as hit regardless of the mode of action.
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Thinking in terms of high throughput, compound concentration that induced general toxicity
markers could then be excluded from further analysis as proposed in manuscript 1.

8.3.

Readiness for validation

The UKN1 test method has shown in various study designs that it is a highly promising approach. It justified its existence in the light of other tests and has also been part of studies in
collaboration with pharmaceutical industry. Yet, to allow a wider implementation for regulatory
or industrial purposes, all test systems must undergo a validation process. Official validation
of a test method is used to proof that a test can be applied for a specific purpose. The key
characteristics are assessed (precision, limit of detection, accuracy, specificity, sensitivity, robustness and transferability) (Leist et al. 2012a). In Europe, the European Center for Validation
of Alternative Methods (ECVAM) is responsible for the organization of validation of submitted
alternative methods. This process includes the mediation of experts, stakeholders, laboratories
and the organization of huge ring trials. However, the main focus for validation lies on the
reproducibility and the predictivity in comparison to conventional animal based tests that remain as gold standard. This represents a promising strategy for validation of tests that can be
compared 1:1 to a traditional animal test (e.g. eye irritation, skin irritation (Liebsch et al. 2000;
Roberts and Patlewicz 2014)). Unfortunately, this strategy is not applicable to a DNT-test
method that does not aim to replace one specific animal experiment. Therefore, a purpose
oriented, mechanistic based validation strategy was suggested (Hartung et al. 2013a). The
emphasis is moved to mechanism, causality and biological relevance. However, to make use
of mechanistic validation, knowledge of the mechanism in the test method is required. This
should be addressed in a straight forward process by applying the Koch/Dale postulates to
toxicity testing (“show it, block it, induce it to confirm it”). In complex systems, this might be not
so easy to follow. Additionally, Bradford/Hill criteria (strength, consistency, specificity, temporality, biological gradient, plausibility, coherence, experiment (similar factors)), have also to be
taken into consideration. In a practical approach, compounds or better compound groups with
known mechanism should be selected and used for mechanistic characterization and validation of the test that identifies these toxicants. Models are proposed that lack complexity and
address only one biological and DNT relevant pathway. The authors suggest to “move away
from correlation of phenomena towards molecular description of pathways” (Hartung and
McBride 2011). The following step by step strategy was suggested to mechanistically validate
(Hartung et al. 2013a):
“…– Condense the knowledge of biological/mechanistic circuitry (in the absence of xenobiotic
challenge) underlying the hazard in question”.
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This has been addressed already before the UKN1 test method was set up. Early neurodevelopment includes the differentiation of the zygote to the neuroectoderm and the folding and
formation of the neural tube, which further develops into the spinal cord and the brain. The
hazard represents misguided development that results in congenital malformations like spina
bifida or even more severe outcomes.
“– Compile evidence that reference chemicals leading to the hazard in question perturb the
biology in question, i.e., mainly pathway identification by using reference substances in
valid(ated) models and experimental proof of their role”.
HDACi bear the hazard of causing congenital malformations in vivo. This has been shown in
animal model as well as in epidemiological studies (Omtzigt et al. 1992; Vajda et al. 2004)
“– Develop a test that purports to reflect this biology”
The UKN1 reflects the early neurodevelopment in vitro (Balmer et al. 2012; Chambers et al.
2009)
“- Verify that toxicants shown to employ this mechanism also do so in the model”
HDACi deregulate genes during differentiation, as an outcome, HDACi prevent rosette formation (manuscript 2).
“- Verify that interference with this mechanism hinders positive test results…”
HDACi induce the TGFbeta/Wnt pathway. By blocking it, rosette formation can be restored
(manuscript 3).
In manuscript 2 a mechanistic validation is discussed since the newly developed endpoint of
rosette formation enables now the correlation between the two endpoints. This strategy has
been followed before for example by the Piersma group on whole rat embryo culture and
zebrafish models (Hermsen et al. 2013; Tonk et al. 2013). The validation process description
presents a biological confirmation for the test development. However, it does not consider all
the technical questions that have to be answered to validate such a test. These issues will be
addressed in the following section in more detail.

8.3.1. Readiness criteria: How far did we get?
A roadmap to assess new approach method (NAM) readiness for validation has been recently
provided (Bal-Price et al. 2018a). In this publication, readiness criteria were defined and 17
test systems were challenged and rated based on a point system to evaluate its readiness for
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validation. The rational for such a study was to define pre-validation criteria that allow researchers to judge if a test system can be submitted for the validation process. The categories were
split in three phases:
-

Phase I: evaluation of the test system, exposure scheme, documentation/SOP, main
endpoints, cytotoxicity, test method controls and data evaluation.

-

Phase II: evaluation of the testing strategy, the robustness, test benchmarks, the prediction model and the applicability domain.

-

Phase III: evaluation of the screening hits.

The UKN1 test system was rated according to the corresponding questionnaire and reached
readiness marks in Phase I: A, Phase II: B, Phase III: A (overall A- to B+). This indicates that
minor improvement is required to consider this assay as ready for regulatory approval, especially in Phase II. However, in the meantime the assay has improved and several key features
were added. The following section will address the category II questions that did not reach full
score in the former rating:
Category/Subcategory/ Question/ ”old” score

New rating

Testing strategy- role in battery: Full score for Test is not standalone. To gain information about relastandalone tests/ information on their relation to other tion to other tests it has to be included in a test battery.
tests in a battery is required. (0/1)

(0/1)

Robustness- inter-lab: Data available on transferability Assay was successfully transferred to another lab.
 (1/1)

/reproducibility in another lab. (0/1)

Prediction model-confirmation: Experimental testing of Prediction model was set up and confirmed in manuprediction model; confirmation of function/predictivity. script 2.  (1/1)
(0/1)
Prediction model- limitations: information on limitations Borderline range was defined (manuscript 2). Further
of prediction model and how exceptions and special testing for borderline compounds required. However,
no special handling procedures defined.  (0.5/1)

cases have to be handled. (0/1)

Applicability domain - AOP: Information contributed to Has been set up (AOP wiki 275) and improved in frame
an AOP KE/MIE; element of a KE testing battery. (0/1)

of this thesis (next chapter).  (1/1)

The new rating of the UKN1 test method resulted in16.5 points for Category II (A mark). This
indicates that the readiness criteria for a test method are fulfilled (overall A mark). Its readiness
provides an important information for the use in industry and also for regulators. Other NAMs
that reached A scores were addressing neuronal differentiation (hNPC3), oligodendrocyte differentiation (hNPC5), hNPC proliferation (hNPC1), hNPC migration (hNPC2) (Baumann et al.
2014), NCC proliferation and migration (UKN2-(Nyffeler et al. 2017b)), neurite outgrowth of
CNS neurons (UKN4 (Krug et al. 2013a)), neurite outgrowth of PNS neurons (UKN5 (Hoelting
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et al. 2016)), astrocytes, oligodendrocytes, myelination, microglia in 3D rat (3Dr (Zurich et al.
2013)). Most of the mentioned methods show a high throughput degree. However, some of the
readouts also require longer differentiation processes. For example the hNPC1 uses as
readout BrDU incorporation at DoD3 as well as DoD14 neurosphere diameter.
For the UKN1 still some technical issues have to be solved to allow a higher throughput and a
tiered testing strategy has to be designed that would include testing of already prioritized compounds. The incorporation of the test in a comprehensive test battery will allow to further define
its limitations and its unique selling points.

8.4.

Biological mode of action of HDAC inhibitors

8.4.1. NEPs differentiate towards neural crest cells
The effect of HDAC inhibitor exposure during development is well known and was investigated
extensively. Also the effect of this chemical on the UKN1 model has been shown in several
studies and has also been summarized in the description of an adverse outcome pathway
(Chapter 3.5). Even if the mechanism of HDACi leading to congenital malformations remains
unknown, many publications suggested a shift towards neural crest fate as a final outcome of
HDACi intoxication during neural tube formation ((Murko et al. 2013); manuscript 1, 2, 3). This
could also be confirmed on several levels in this thesis: (I) the investigation of neural crest
marker genes on protein level (manuscript 2, figure 2, chapter 3, Suppl), on gene expression
level (manuscript 2 and 3) as well as the expression based computational prediction supported
the theory of neural crest cell development (manuscript 3, figure 7.4). Furthermore, the analysis of perturbed GOs and KEGG confirmed these findings (Waldmann et al. 2014). Neural crest
cells arise from the neural tube border and the first waves of neural crest cells start delaminating even before the neural tube fuses (Hörstadius 1950). However, the neural plate border is
part of the neural plate mediating the final neural tube fusion. Additionally, it represents the
contact area to the non-neuronal ectoderm that fuses in parallel to the neural tube and separates from the neural tube after fusion. It seems reasonable that the NEP differentiation track
could easily be changed to a neural plate border fate and then towards neural crest cell differentiation by the HDAC inhibitor. Why this occurs remains unclear, it might just be mediated by
a tipping on the scales - changing the balance and therefore inducing the differentiation towards the nearest relative. On the same time, the cell lineage commitment of the NEPs might
also play an important role. The cells may already be restricted to a certain fate no matter what
external trigger is applied.
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In vivo, the developing neural tube consist of many different cell types (regionally specific) that
react specifically to different signaling molecules. However, neural rosettes are way smaller
structures consisting of less cells and they are not exposed to different molecule gradients.
The in vitro situation might therefore be different: while in vivo only the neural tube border
contributes to NCC generation, in vitro there might not exist such a regional specificity, but the
cells probably consist of a mixed cell population. If gene expression is deregulated, the most
obvious result is a change of differentiation track towards a closely related cell type. This might
even be strengthened by the fact that only the expression of two transcriptions factors (PAX3
and ZIC1) have been claimed to be both necessary and sufficient to induce a neural crest fate
(Pla and Monsoro-Burq 2018). Until now, the whole cell population was used for transcriptome
analysis. In future, single cell sequencing will enable to clarify if only particular cell types are
affected and which are the underlying mechanisms.
The computational modeling of the differentiation (manuscript 3, Figure 7.4) revealed that the
signaling pathways TGFbeta and Wnt are activated at an intermediate time point by VPA. For
dorsal patterning during neural tube formation and the induction of the non-neuronal ectoderm
and neural plate border, BMP and TGFbeta are the main signaling molecules that are responsible (Figure 11). Wnt is activated thereby. This strengthens the evidence for a “dorsalizing”
effect induced by VPA (Figure 11).
Upon HDCAi treatment, also neural crest cell-derived sensory neurons have been detected
(manuscript 2, figure 6.2), additionally to epithelial like structures (manuscript 1 and 2). These
structures may resemble the non-neuronal ectoderm, further underlining the “dorsalizing” effect on the neuroectodermal cells.

Figure 11 Dorsalizing effect of HDACi exposure durng neural tube development.

If this dorsalizing effect would be a common feature of the system, a new endpoint could even
be defined and assessed by specific markers. Other compounds such a retinoic acid and BIO
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have been used to generate potential markers for testing purposes (Manuscript 2, suppl). However, they were not yet analyzed for their effect on transcription on a GO/KEGG pathway level.
Such an analysis might help to understand if a dorsalizing effect is a common mechanism or
even represents the only general outcome of the UKN1 assay. Interestingly, GOs and KEGG
pathways have been analyzed for varying valproic acid concentrations. It was reported that the
severity of transcriptome changes amplified with increasing concentrations of VPA until a plateau is reached. However, apparently a further change in differentiation track does not occur.
At some point, the concentration just becomes cytotoxic and marker/pathways for cytotoxicity
become active.
It remains open if other compounds would induce changes of the differentiation track, leading
to the development of a completely different cell type or if the cells at that differentiation state
only have the choice between neural crest or neural progenitors. Former studies have shown
that valproic acid also leads to the induction of e.g. cardiac markers since genes of the GO
“cardiac development” were significantly overrepresented, but also GOs related to “renal system development” or “bone morphogenesis” were detected (Balmer et al. 2014). This would
indicate that cells try to differentiate also to other germ layers. However, also neural crest cells
differentiate into parts of the heart as well as to cells contributing to various organs of the whole
body, which may serve as an alternative explanation for this. A comprehensive characterization of this issue will need to be further elucidated by analysis of the effect induced by compounds interfering with various pathways.

8.4.2. Development of an AOP
By investigation of the effects caused by valproic acid in the UKN1 test, a huge background
knowledge was gained. The gathered knowledge can now be used to set up a detailed adverse
outcome pathway, which might be linked to other AOPs.
Since HDACi exert part of their effect by changing the DNA accessibility, a massive secondary
effect in gene expression is induced. The primary effect is hard to distinguish and to capture.
To study the primary effects of HDACi, the first time points after treatment are of interest:
HDACi inhibit deacetylation of histones, which in consequence leads to more acetylation or to
a stabilization of histones that are acetylated already. Acetylation is known to act as an “active
state” histone mark, that leads to a DNA-relaxation, making it accessible for transcription
(Hezroni et al. 2011; Kamieniarz et al. 2012; Nightingale et al. 2007). In theory, the primary
effect of HDACi is to maintain a high expression of already highly expressed genes. This is
shown by looking at the modeling curves of manuscript 3, figure 7.2 a rough pattern. If genes
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are already upregulated before 50 hours, addition of VPA leads to even more/faster upregulation. A secondary effect can be observed shortly after this 50 hours. It has been shown before
(Balmer et al. 2014; Balmer and Leist 2014; Balmer et al. 2012), that the increase of the first
acetylation is reversed back to baseline after 48 hours. Moreover, an epigenetic switch occurs,
which results in histone methylation (silencing marks) of the transcription binding sites. Therefore downregulation of e.g. PAX6 or OTX2 does not represent the primary, but only the secondary VPA-effect. However, in this special case the secondary effect is hard to separate from
the primary effect. At later time points the computational model proved to be able to capture
and predict whole pathway patterns (manuscript 3, Figure 7.4). This approach allowed to identify the activation of intermediate pathways-mainly the TGF beta/Wnt pathway. This leads to a
change in differentiation track in (parts of) the cell population resulting in the final adverse
outcome of rosette disturbance (neural tube defects in vivo). This theory based AOP is also
represented in figure 12.

Figure 12 Setup of a new „theory based adverse outcome pathway”. A theory based AOP was generated
based on the findings of this study in combination with evidence from earlier studies ((Balmer et al. 2014; Balmer
et al. 2012), AOPwiki no. 275)

AOPs for other compound classes might be generated in a similar manner:

Does a compound disturb rosette formation? ( no: safe)
 Yes
How is gene expression affected?
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-

Apply computational model on defined time points and concentrations  investigate
pathways that become activated and confirm by blocking/activating

-

How is the cell population affected? Apply markers for subpopulation (described in
chapter 8.2)

The AOP concept represents a promising, straight forward approach to summarize the critical
events from an initiating event to the final (disease) outcome in general. However, the approach has also limitations. For example, the structure of hitherto existing AOPs are (i) far too
specific to combine several AOPs or even finding common key events will be hard to facilitate
(Bal-Price et al. 2015; Leist et al. 2017; Smirnova et al. 2014; Spinu et al. 2019). (ii) Often also
the evidence for a link to a disease outcome is rather low and additionally (iii) a certain key
event 1 that leads to a certain key event 2 in one AOP could in another AOP not lead to a key
event or to a different 2nd key event. In a worst-case scenario the AOPs may not even share
an adverse outcome. Still, if all the vulnerable PoTs/AOPs of a certain test method are known,
it might help to classify new unknown compounds by e.g. quantitative structural analysis relationship (QSAR).

8.5.

Limitations and outlook

The aim for new approach methods (NAM) for DNT testing is to gain knowledge about all
vulnerable pathways that drive development. If a compound was detected as a hit in the respective test, the mode of action would be much easier to understand and also QSAR and
other predictive approaches could be used with a higher accuracy based on such knowledge.
For the UKN1 test method, many steps have been taken already to gain understanding. Nevertheless, it represents still a rather complex test system that is hard to capture in every detail.
The interdisciplinary work in systems biology projects has proven to be of high value to solve
such complex questions. With increasing knowledge about gene expression and pathway
based analysis, also the quality of the UKN1 test assay increased constantly. Single cell sequencing will probably deliver a more detailed understanding of the real-life situation and probably pave the way for further development of the test.
Until now, mainly HDAC inhibitors have been used for investigation. This might have led to an
underestimation of other important pathways. For example, retinoic acid exhibits a crucial effect on UKN1 differentiation and rosette formation. Similarly, endocrine disrupting chemicals
might also be an interesting target to look at since the accumulating effects in the assay might
show consequences that will be missed in other fast assays. Furthermore, compounds that
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affect shh (e.g. cyclopamine (Feutz and De Geyter 2019)) or notch signaling (Main et al. 2013)
might also lead to a breakdown of rosette formation. Hence, including other compound classes
and tool compound sets will be essential in the further development of the test and significantly
contribute to the understanding of its strengths and weaknesses.
Furthermore, the UKN1 test represents a directed differentiation. Differentiation towards the
neuronal lineage is initiated and directed by externally added morphogens (smad inhibition).
These strong stimuli could cause the system to be confined to its developmental path. Unlike
for systems using undirected differentiation and monitoring changes thereof, compounds causing minor changes in essential pathways could be neutralized by the morphogens being present in high concentrations. The consequence could be a rather low sensitivity, because the
compounds might need to have a strong effect to change the differentiation track of the developing cells. This could also serve as an explanation, why the differentiation track is often
pushed towards a neural crest cell fate-the nearest relative- and not towards a completely
different cell fate of another germ layer e.g. mesoderm. However, if this extrinsic controlled
differentiation has a higher or smaller compensatory potential, as its in vivo counterpart, has
not been addressed yet. This needs further clarification by testing more tool compounds to
define the predictive power of the assay and determine sensitivity as well as the specificity.
For future studies, the possibility to transfer the assay to iPSC lines is of high interest. It was
shown that the assay can be transferred also to other cell lines, even if the protocol had to be
adjusted for every cell line respectively. The use of iPS cell lines will further intensify since the
use of embryonic stem cells for DNT testing is restricted by ethical regulations. With varying
regulations between different countries, a validation of such a test method would use rather
iPSC lines, to facilitate international use and applicability of the method.
In the meanwhile, other side projects or even side assays have been arising from the classical
UKN1 test method. Another promising DNT test, which uses pre-differentiated neuroectodermal precursors and monitors rosette formation only, was developed. Such an assay assesses
not the differentiation process itself, but rather the physical process of the rosette formation. It
could be used as in a high throughput, since the NEPs can be pre-differentiated and stored
frozen. Rosette formation is done in a small well format (96well). It has been shown in time
window experiments that compounds that affect the classical UKN1, do not affect this late
rosette formation assay. It requires further clarification whether such an assay adds up the
value of a test battery or if it gives the same results as a neural crest migration assay (Nyffeler
et al. 2017b).
This work showed that the UKN1 assay is ready to be validated from a biological as well as
from a technical point of view. Since many projects are still ongoing, also the sensitivity and
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the specificity can be defined soon. Apart from that it is constantly improving regarding technical details which make it less time and money consuming. Considering this, the UKN1 assay
is expected to be ready to use in terms of commercial purposes in the near future.
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9. Abbreviations
AOP

Adverse outcome pathway

BMC10/25

Benchmark concentration leading to 10% / 25% decrease compared to control

BPA

Bisphenol A

BR

Borderline range

CNS

Central nervous system

CsA

Cyclosporin A

DMSO

Dimethylsulfoxide

DNT

Developmental neurotoxicity

DoD

Day of differentiation

FC

Fold change

FGF

Fibroblast growth factor

GO

Gene onthology

HDAC

Histone acetyl transferase

HDACi

Histone deacetylase inhibitor

hESC

Human embryonic stem cells

IFN beta

Interferon beta

iPSC

Induced pluripotent stem cells

KE

Key events

KNDP

Key neurodevelopmental processes

mEST

Mouse embryonic stem cell test

NAM

New approach methods

NCAM

Neural cell adhesion molecule

NDD

Neurodevelopmental distance

NEP

Neuroepithelial/Neuroectodermal precursor

OECD

Organization for economic co-operation and development
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oGO:

Overrepresented GO

PCA

Poly component analysis

PCMB

P-chloromercuribenzoic acid

PMA

Phorbol 12-myristate 13-acetate

PS

Probesets

PSC

Pluripotent stem cells

PoT

Pathway of toxicity

RA

Retinoic acid

REACH

Registration, evaluation, authorisation and restriction
of chemicals (EC 1907/2006)

RoFA

Rosette formation assay

SD

Standard deviation

STOP-tox(UKN)

Stem
cell-based teratogenic omics prediction-UKN
toxicity assay (Shinde et al. 2016a), previously named
UKN1

T

Threshold

TEP

Toxicological endophenotype

TSA

Trichostatin A

U(T)

Uncertainty of threshold

UKN1

University of Konstanz (1) assay (Krug et al. 2013b)

VPA

Valproic acid

Wnta

Wnt activator
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Record of contribution

Chapter 1:
For the manuscript „ Stem cell transcriptome responses and corresponding biomarkers that
indicate the transition from adaptive responses to cytotoxicity” my contribution was to develop
a phenotypic endpoint to anchor the transcriptome findings to a relevant outcome. This was
done by assessment of rosette formation. Furthermore, I participated in the manuscript development by discussions together with collaborators and co-authors.

Chapter 2:
For the manuscript “Development of a neural rosette formation assay (RoFA) to identify neurodevelopmental toxicants and to characterize their transcriptome disturbances” the major part
of the laboratory work as well as the writing process was performed by myself. I developed the
rosette formation assay and I performed all differentiations and experiments related to the assay. My co -authors contributed as follows: The KNIME workflow was set up together with Timo
Trefzer and Marcel Wiedemann, some images were taken by Simon Gutbier, Petra Kranaster
and Christoph van Thriel. Some of the affymetrix samples were obtained by Stefanie Klima,
affymetrix samples were measured in Cologne by Agapios Sachinidis and Margit Henry and
the statistical analysis of the transcriptome data was performed by Katrin Madjar and Jörg
Rahnenführer. I was supervised by Tanja Waldmann and Marcel Leist, who also contributed
to the writing process.

Chapter 3:
For the manuscript “Kinetic modeling of stem cell transcriptome dynamics to identify regulatory
modules of normal and disturbed neuroectodermal differentiation” all the experimental data
were obtained by me. I differentiated the cells and provided all the transcriptome samples. I
performed all the thesis supporting qPCR experiments as well as all experiments that are related to the rosette formation assay. The rescue experiments were as well planned and performed by myself. Johannes Meisig (Berlin) developed the computational model based on my
data which I further confirmed by qPCR analysis. Johannes Meisig did the gene enrichment
analyses for hypothesis generation, which I verified by phenotypical rescue experiments. I was
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supervised by Marcel Leist and Tanja Waldmann. Nils Blüthgen, Johannes Meisig, Tanja
Waldmann and Marcel Leist were involved in the writing process.
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