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Zusammenfassung 

Diese Arbeit beschreibt die Entwicklung eines humanen 3D in vitro Modells für die 

Prädiktion potentiell teratogener Substanzen in der frühen Wirkstoffentwicklung. Zu-

nächst wurde ein dreidimensionales Zellkultur Modell etabliert, um entwicklungsbiolo-

gische Prozesse bei der spontanen Differenzierung von humanen induzierten pluripo-

tenten Stammzellen (hiPSC) in alle drei Keimblätter transkriptomisch abzubilden. In 

einer ersten Machbarkeitsstudie wurde die Aussagekraft des in vitro Modells anhand 

von 96 spezifischen, embryonalen Entwicklungsmarkern bewertet. Die differenzielle 

Genexpression wurde zunächst durch acht verschiedene Referenzverbindungen mit 

bekannten teratogenen Profilen in unterschiedlichen Konzentrationen induziert und mit 

qPCR gemessen. Im weiteren Verlauf wurden insgesamt 45 Referenzsubstanzen ge-

testet und durch RNA Sequenzierung mit einem auf 1.215 Marker erweiterten Gen 

Panel analysiert. Mit Hilfe verschiedener Machine-Learning Modelle und statistischer 

Analysen wurde die Expressionsregulation der Gene evaluiert um die Referenzsub-

stanzen in Bezug auf Teratogenität und Zytotoxizität zu klassifizieren. Im Vergleich 

konnte diese grössere Auswahl an Genen, welche stellvertretend sämtliche molekula-

ren Signalwege repräsentiert, die Teratogenität nicht besser vorhersagen als die se-

lektive Auswahl spezifischer Entwicklungsmarker. Der Assay wurde auf seine Vorher-

sagekraft bezüglich Spezifität, Sensitivität und Genauigkeit bewertet und festgestellt, 

dass diese im Vergleich zum konventionellen murinen embryonalen Stammzelltest 

(mEST) insbesondere hinsichtlich der Sensitivität überlegen ist. Es wurde zudem eine 

weitere Konzeptstudie mit Gastruloiden zur Untersuchung teratogen bedingter, mor-

phologischer und genetischer Veränderungen durchgeführt, die phänotypische Effekte 

berücksichtigt. Hierbei wurden Daten resultierend aus dem hier beschriebenen huma-

nen 3D in vitro Modell und des bereits etablierten mEST einbezogen und die verschie-

denen Systeme miteinander verglichen. Zusammenfassend kann man daraus schlies-

sen, dass das hier beschriebene humane in vitro Modell in Zukunft nicht nur einer 

verbesserten Prädiktion dient, sondern auch zur besseren Charakterisierung moleku-

larer Prozesse hinsichtlich human relevanter Teratogenität beiträgt und somit gegebe-

nenfalls Tierversuche reduziert. Bedingt durch den entsprechend höheren Durchsatz 

des in vitro Modells ist dieses für eine frühe umfangreiche Testung präklinischer Wirk-

stoffe im industriellen Massstab geeignet und soll in Zukunft dafür routinemässig ein-

gesetzt werden.  
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Summary 

This thesis describes the establishment of a human 3D in vitro model for the prediction 

of teratogenic substances in the early phase of pharmaceutical compound develop-

ment. Initially, a three-dimensional cell culture model was established to depict devel-

opmental processes on a transcriptomic level during the spontaneous differentiation of 

human induced pluripotent stem cells (hiPSC) into all three germ layers. 

In a first proof-of-concept study, the validity of the in vitro model was assessed using 

a specific panel of 96 embryonic development markers. The differential gene expres-

sion was induced by eight different reference compounds with known teratogenic pro-

files in various concentrations, measured with qPCR. Subsequently, a total of 45 ref-

erence substances were tested and evaluated by RNA sequencing with an expanded 

gene panel of 1,215 markers. Various machine-learning models and statistical anal-

yses evaluated the level of gene expression regulation to classify the reference sub-

stances with regard to their teratogenicity and cytotoxicity. The larger selection of 

genes, which represent molecular signaling pathways, could not predict teratogenicity 

better compared to the specific selection of early developmental markers. Ultimately, 

the assay was validated with regard to its predictive power in terms of specificity, sen-

sitivity and accuracy and it was found that it is superior to the conventional mouse 

model (mEST) especially in sensitivity. Another concept study with gastruloids was 

carried out to investigate teratogenic induced morphological and genetic changes with 

consideration of phenotypic effects. Data from both the described human 3D in vitro 

assay and the established mEST were used to compare the different models. 

In summary, this human in vitro model will not only serve as an improved predictive 

tool in the future, but will also contribute to a better characterization of molecular pro-

cesses with respect to human-relevant teratogenicity and possibly reduce animal stud-

ies. 

Due to the correspondingly higher throughput of the in vitro model, it is suitable for an 

extensive early selection of preclinical compounds up to industrial scale and will be 

used for routine application in the future. 
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1. Introduction 

1.1. Early embryonal Development 

The beginning of embryonal development is determined by fertilization, a fundamental 

process by which the fusion of the male spermatozoon with the female oocyte forms 

the zygote and results in the formation of a new organism. From this stage onwards, 

the totipotent blastomeres undergo a series of mitotic divisions with no increase of the 

zygote size and they differentiate into a blastocyst consisting of inner cell mass (em-

bryonal precursor) and the trophoblast as the outer layer (placental precursor) (1).  

After implantation of the blastocyst into the epithelium of the uterus, the inner cell mass, 

also called embryoblast, which consists of pluripotent cells, begins to differentiate by 

gastrulation into all three types of germ layers (Fig. 1.0) (2). Trophoblast derived BMP4 

signals initiate a downstream signaling cascade including WNT, and Activin-Nodal for 

control of these spatial patterning processes (3,4). The outer germ layer or ectoderm 

forms the outer epithelium of the body, the pituitary gland as well as the neural tube, 

and the neural crest from which the brain, spinal cord, components of the central nerv-

ous system, and parts of the eye develop (5). The middle layer is called the mesoderm, 

from which the skeleton, muscles, heart, blood vessels, parts of the urogenital system 

(kidneys, urethra, and gonads), bone marrow, blood, cartilage, and fat derive. The in-

ner layer or endoderm develops into the gastrointestinal and respiratory tracts, the 

liver, pancreas, thyroid, thymus, and bladder (6).  

The entire process of embryogenesis is defined by cellular division, three-dimensional 

movement and differentiation into each individual kind of fetal tissue and organs, or-

chestrated by a complex regulation of gene expression (7). Any disruption or alteration 

of these well-coordinated processes will have a tremendous impact on the developing 

embryo. 
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Figure 1.0: Overview of the germ layer segmentation. 

Formation of the organs and tissues of the embryo from the ectodermal, endodermal and mesodermal 

germ layer. Arrows are color coded according to the germ layer of origin. Scheme taken from ‘Human 

embryology and Developmental biology’, Bruce M. Carlson, 5th Edition, 2014, Elsevier (2) 
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1.2. Teratogenicity related Birth Defects 

The overall prevalence of birth defects ranges from 2 to 6% worldwide. Serious birth 

defects can either be lethal or cause distinct physical or functional impairment. Alt-

hough more than 50% of congenital disorders cannot be clearly linked to a specific 

etiology, there are also some known environmental, genetic, or multifactorial risks that 

have been shown to be teratogenic (8-10). The degree of teratogenicity is determined 

by the timing and extent of exposition during development (11,12). During the first tri-

mester of pregnancy, which is defined by morphogenesis, the developing embryo is 

most sensitive to harmful exposures of radiation, infectious organisms, or teratogenic 

agents that can cross the placental barrier (Fig. 2.0). Nearly 3% of all congenital disor-

ders are caused by drug-related use (13).  

The most prominent case of pharmacological induced birth defects was the thalido-

mide tragedy in the early 1960s, when thousands of pregnant women were treated 

with the sedative to reduce morning sickness. Over 10,000 babies were born with se-

vere congenital limb malformations (phocomelia) (14). The R (+) enantiomer of thalid-

omide is sedative whereas the S (-) enantiomer is teratogenic. Both enantiomers can 

racemize rapidly in physiological fluids (15). In accordance with safety testing require-

ments at the time, thalidomide was tested negative for developmental toxicity in mice 

(16). Subsequent studies demonstrated that rodents are insensitive to the induction of 

limb malformations by thalidomide (16-22). A recent study suggests that this insensi-

tivity of mice to the dysmorphic effects of thalidomide is due to a lack of cereblon-

mediated degradation of the transcription factor SALL4 (21,23). Thalidomide was the 

most prominent example of species-specific drug toxicity and led to the introduction of 

the first regulatory guidelines for safety testing (24).  

Pregnant women or patients of childbearing potential, who require regular medical 

therapies due to chronic diseases e.g., epilepsy, multiple sclerosis, acne vulgaris, dia-

betes mellitus, rheumatoid arthritis, etc. rely on safe pharmaceuticals. However, some 

of the treatments rely on compound classes with teratogenic potential. For example, 

most anticonvulsant drugs such as valproic acid, carbamazepine, phenytoin and phe-

nobarbital are known to pose risks for congenital heart disease, cleft palate, cleft lip, 

urogenital and neural tube defects (25,26). All-trans retinoic acid and isotretinoin used 

for topical treatment of acne vulgaris may cause craniofacial, cardiac, thymic, and cen-

tral nervous disorders in the developing embryo (27). Thus, any newly developed drug 

carries an unknown teratogenic potential and must be investigated before marketing. 
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Figure 2.0: Critical periods in human prenatal development to teratogens.  

Taken from Moore and Persaud, “Before we are born: Essentials of embryology and birth defects”. 

Saunders/Elsevier, 2019 (28). 

1.3. Regulatory Teratogenicity Assessment of Pharmaceuticals 

All drug candidates that are considered for clinical studies in patients of childbearing 

age must be evaluated for their teratogenic potential. These substances must not 

cause malformations or developmental disorders in the developing embryo and precise 

labeling is necessary to inform and protect patients about possible teratogenic risk. 

Teratogenicity evaluation of drugs typically requires testing in two animal species, as 

specified in detail in the ICH S5 (R3) guidelines on reproductive toxicology (2020) (29).  

Embryo fetal development (EFD) studies are performed in a rodent (rat or mouse) and 

a non-rodent (rabbit, non-human primate). The drug is administered daily to the preg-

nant animals at appropriate dose levels throughout the period of organogenesis, i.e., 

from the time point of implantation until closure of the hard palate. At least three geo-

metrically spaced dose levels are tested. The low dose level is selected to provide a 

maternal plasma exposure that is a small multiple of that anticipated in the pregnant 

human patient. The high dose level is either the maximum tolerated maternal dose or 

a dose providing at least 25-fold margin above the human exposure at the maximum 

recommended concentration. Findings at more than 25-fold of the human exposure at 

the maximum recommended human dose are usually of minor concern (29).  
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However, these studies require the use of a large number of animals, are very time-

consuming, and are therefore only feasible for a limited number of drug candidates at 

a late stage in drug development. In addition, human-specific effects are hardly detect-

able in animal models. Clinical data on human risk assessment is only available after 

drug marketing by epidemiological studies and it takes on average 27 years to gener-

ate sufficient data for reliable human risk assessment from case reports (30).  

Several pharmaceutical companies employ alternative animal-free tests to screen 

small-molecule drug candidates for teratogenicity prior to selection for in vivo safety 

testing and clinical trials (31,32). This context of use differs from that for the testing of 

non-pharmaceutical chemicals in several respects. When chemicals are tested, the 

likely conditions of human exposure are usually unknown, so any dysmorphogenic po-

tential is a safety concern for pregnant women regardless of exposure consideration, 

and alternative tests for teratogenicity are used to prioritize substances for final testing, 

while no animal testing is allowed for cosmetic products in Europe (33). For pharma-

ceuticals, the patient population, maximum dose level and resulting systemic exposure 

are precisely defined, so dysmorphogenic potential is only of human relevance if it is 

likely to occur under the clinical conditions of use. Most chemicals will cause develop-

mental toxicity if given at a high enough dose at the appropriate stage of development 

(34). In fact, more than one-third of small molecule pharmaceuticals approved by the 

FDA in 2018 and 2019 induced malformations at some dose level in rodents and/or 

rabbits (35).  

Due to the lack of human relevant in vitro models accepted by regulatory agencies, the 

3R-concept, which promotes the refinement, reduction, and replacement of animal ex-

periments in research, can only be implemented to a limited extent.  

Thus, the clinical context of use, including relevant conditions like pharmacological po-

tency, dose or exposure and potential drug metabolism must be considered when us-

ing alternative in vitro methods for the preclinical assessment of developmental toxi-

cology. Studies using isolated cellular or tissue systems in combination with animal 

models that are performed for the identification of drug-targets, as well as preliminary 

efficacy and safety evaluation tend to be poorly precise for human disease modeling 

(36).  
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Thus, to increase the success rates for the prediction of human-specific effects, more 

relevant alternative approaches that recapitulate human physiology and address the 

critical points of translational failure must be included - not only for animal welfare rea-

sons. This might increase the success rates of clinical studies but also reduce costs 

and shorten cycle times of drug development (37). In particular, for the collection of 

preclinical data from in vitro systems, the selection of a suitable cell model that reflects 

a good balance between physiological relevance and experimental throughput for a 

reliable and reproducible evaluation of the test data in combination with detailed and 

accessible documentation is essential (38,39).  

1.4. Alternative in vitro Approaches for Teratogenicity Assessment 

To represent developmental processes, many alternative models have been imple-

mented in addition to animal experiments, ranging from whole embryo cultures (WEC) 

to the use of non-mammalian model organisms such as zebrafish or frog embryos to 

the use of stem cell models (40). One of the most routinely applied in vitro assays for 

the detection of teratogenicity is the mouse embryonic stem cell test (mEST) that was 

officially validated by the European Centre for the Validation of Alternative Methods 

(41-43). This assay is based on the use of three different endpoints: the inhibition of 

beating cardiomyocytes from differentiating mouse D3 embryonic stem cells, and the 

cytotoxicity assessment by growth inhibition of 3T3 mouse fibroblasts and D3 stem 

cells.  

However, the assay only provides information from murine cells that are derived from 

the mesodermal lineage, so human-specific effects are unlikely to be predictable with 

the model system e.g., as it was shown for thalidomide.  

Therefore, the use of a human in vitro model would allow an improved prediction and 

better investigation of species-specific effects. Human induced pluripotent stem cells 

(hiPSC) have similar properties as embryonic stem cells and the potential to differen-

tiate into every functional cell type of all three germ layers (ectoderm, endoderm, mes-

oderm). This makes them extremely useful for the emulation of developmental pro-

cesses (44-48). The use of hiPSC is not associated with any ethical and legal 
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constraints compared with embryonal stem cells. Thus, hiPSC have tremendously ac-

celerated the application of in vitro methods. They provide a reproducible and almost 

unlimited source of cellular material due to their rapid proliferation capacity (49).  

The human iPSC-based assay described by Palmer et al. monitors the ratio between 

orni-thine and cysteine levels in the supernatant of adherent cell cultures after com-

pound treatment, as indicator for developmental toxicity (50). Another hiPSC assay by 

Kameoka et al. is based on the readout of a reduction in nuclear translocation of the 

transcription factor SOX17 (endodermal lineage marker) as endpoint (51). These mod-

els mostly address a specific morphogenic pathway by focusing on a particular subset 

of developmental markers or functional endpoints. However, a complex network of dif-

ferent transcription factors and signaling pathways instead of unilateral marker re-

sponse orchestrates the development of an embryo. These networks regulate the dif-

ferentiation of all three germ layers into particular subtypes of specialized cells. It is 

essential to consider those complex interactions to determine the most predictive 

markers for disruption of development. Thus, readouts with a more holistic view, for 

example a combination of alternative in vitro models could reveal a more comprehen-

sive insight into mechanisms of action induced by teratogenic agents (e.g. micro-phys-

iological spheroid systems, analysis of transcriptomic, proteomic and metabolomic 

data, computational machine-learning approaches, structure-related modeling and 

simulation, and the retrospective assessment of epidemiological data) (52). In contrast 

to monolayer cell cultures, the application of complex 3D human in vitro systems rep-

resents a tremendous asset to recapitulate the physiological cellular microenvironment 

including complex structures like extracellular matrices and the existence of spatial 

signaling responses. Especially for the investigation of disturbed developmental pro-

cesses, it is of high importance to reconstitute native biological processes such as 

differentiation into all three germ layers, which underlie specific signaling cascades as 

well as temporal and spatial patterning (39,53,54).  

The application of embryoid bodies, which are formed by aggregation of pluripotent 

stem cells and spontaneously differentiate into meso-, endo- and ectodermal lineage, 

are a useful tool for the determination of disruptive effects since they include basic 

features of early embryonal development and are easily up-scalable (55,56). However, 

embryoid bodies do not completely reflect the spatial and temporal patterning of cell 
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fates complementary to gastrulation (3). Moris et al. have developed a more sophisti-

cated human gastruloid model, which enables the understanding of mechanical and 

chemical interactions in embryogenesis (57,58). This gastruloid model is based on the 

formation of human embryonic stem cell-derived aggregates, whose morphology fol-

lows an elongation of the anteroposterior axis during 72 to 96 hours and a polarized 

expression of mesodermal marker BRA, endodermal marker SOX17 and neuroecto-

dermal marker SOX2. These processes correspond to the spatial organization and 

differentiation in mammalian embryos and reveal the essential interactions of signaling 

processes and the high degree of organization in gene expression during develop-

ment. Without monitoring these complex interactions and phenotypic outcomes, we 

will be unable to entirely emulate developmental processes and in consequence, we 

may fail to predict some types of teratogenic mechanisms. 

1.5. Machine learning approaches for the prediction of teratogenicity 

Machine learning is an essential tool for the prediction of large and high dimensional 

data sets like transcriptomic gene expression analyses. Especially in terms of complex 

parameter interaction, machine-learning approaches can elucidate information on as-

sociations within data that cannot be observed by conventional statistical analyses. 

The challenge is to find a suitable model which is balanced enough to be as much as 

interpretable but also has a sufficient level of predictivity (Fig. 3.0) (59). Depending on 

the data which needs to be analysed, machine learning approaches are separated into 

unsupervised or supervised learning categories. Unsupervised learning is used for 

data without any labelling to find similar features or frequent patterns in the examined 

data to build clusters of common properties or to reduce dimensionality e.g., by factor 

analysis (60,61). Supervised learning uses labelled data for which known categories 

are already determined to predict unknown data based on the training data sets e.g., 

by random forest modelling (62). The application of either one or another method is 

dependent on the nature of the data and on the question to be answered. In our stud-

ies, we have used both unsupervised and supervised learning to characterize the 

model for associations between distinct markers and we used combinations of the 

most significant features to predict teratogenicity categories based on the training data. 

In general, machine learning approaches are dependent on sufficient and high-quality 

data, because the performance of a certain model is only as good as the provided input 

data (63). Specifically, regarding the determination of gene expression, it is necessary 
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to mention that there might always be a certain level of background noise or unspecific 

signals, which could influence the overall pattern. Therefore, it is important to avoid 

any overfitting of the model (64). Moreover, it is also relevant to apply a diverse set of 

compounds for treatment, which reflect a broad range of modes of action to display 

many specific genetic patterns induced by teratogens or non-teratogens to train the 

model adequately. Even the best machine learning model is incapable of predicting 

positive or negative substances if the panel of markers is not specifically designed to 

depict essential interfered developmental or toxicological pathways relevant for either 

teratogenicity or cytotoxicity. 

 

Figure 3.0: Overview of common machine learning models. 

Machine learning models are ranging from easy interpretable linear regression with moderate perfor-

mances to complex neural network models exhibiting a strong performance but also challenging inter-

pretability. Taken from ‘An introduction to machine learning’ by Solveig Badillo et al., 2020 (59).  
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1.6. Transcriptomic Profiling as Readout for Teratogenicity Prediction 

Before implantation, embryo toxicity tends to result in embryo lethality but not malfor-

mation, whereas congenital anomalies are more likely to be induced by teratogens 

after implantation, when more cells begin to differentiate (65). Fundamental cellular 

processes like morphological patterning during differentiation are regulated by molec-

ular pathways, which are affected by developmental toxicants within a certain concen-

tration level. This leads to the hypothesis that the analysis of distinct transcriptomic 

changes during differentiation, which deviates from normal gene regulation, could be 

an appropriate readout for the prediction of teratogens (66-69). The variety of differen-

tially expressed genes, or gene expression patterns, which could be particularly pre-

dictive for dysmorphogenic mechanisms during organogenesis still need to be identi-

fied (70-72). Since hiPSC appropriately reflect the same potential as embryonic stem 

cells to differentiate spontaneously into all three germ layers, they provide an ideal 

model to study these processes of early development. In 2011, Bock et al. published 

cell line specific reference maps that exhibit highly characteristic patterns of DNA meth-

ylation and gene expression and provided a solid reference of variation among several 

human pluripotent cell lines. Moreover, these reference maps identified specific genes, 

which enabled the prediction of each cell line’s differentiation propensity into all three 

germ layers under the prerequisite that hiPSC possess a sufficient level of pluripotency 

and genomic integrity (73).  

Tsankov et al. used these reference markers to build a standardized predictive Score-

Card with a panel of 96 genes for the quantification of the differentiation level of hiPSC 

(74). Since this gene panel already reflects a particularly well assorted selection of 

early developmental markers, the ScoreCard could be appropriately used for the pro-

filing of differential gene expression induced by teratogens. We used this panel as 

basis to define the most predictive genes for the establishment of a new hiPSC derived 

3D teratogenicity assay. A first proof of concept study successfully revealed the dis-

crimination of reference compounds with known teratogenicity levels based on differ-

ential expression of 19 most predictive markers. In a further study, the panel was ex-

tended to 1,215 molecular pathways genes in order to show that these markers predict 

teratogenicity as good as the specific smaller selection of early developmental mark-

ers. We developed a predictive machine-learning based algorithm (random forest mod-

els) to extensively characterize the genetic structure of the in vitro model and deter-

mined the teratogenicity profile of 45 compounds for validation purposes.  
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We compared the results with data from the mEST, and showed the superior predictive 

power of our human in vitro model particularly with regard to a higher sensitivity. We 

also compared data to the outcomes of human and mouse gastruloid models, tested 

on a small reference panel, to demonstrate the high biological relevance of this model 

in terms of dysmorphogenic regulation and its phenotypic impact. Ultimately, the hu-

man TeraTox assay was implemented into our early drug development process for the 

preselection of teratogen lead structures to get a better understanding of human rele-

vant dysmorphogenic effects of early developmental compounds.  

1.7. Aims of the Thesis 

The overall aim of this thesis was the establishment of a predictive human stem cell 

derived assay for the classification of potential teratogenic substances based on a 

transcriptomic readout. The main objectives are described as follows: 

(1) Development and characterization of a 3D human in vitro model to recapitulate 

developmental processes during differentiation of human-induced pluripotent stem 

cells into all three germ layers by transcriptome analysis and verification of a specific 

early developmental marker panel (germ-layer markers) for the validity of teratogenicity 

prediction. 

(2) Testing of various reference substances and development of a computational algo-

rithm for the prediction of differential gene expression patterns to classify the sub-

stances accordingly in terms of teratogenicity and cytotoxicity. 

(3) Validation of the human in vitro system and its respective prediction model by eval-

uation of the predictive performance regarding specificity, sensitivity, and accuracy. 

(4) Investigation of comprehensive phenotypic parameters to verify the genomic 

dysregulation induced by teratogens.   
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2.1.1. Summary 

Human induced pluripotent stem cells (hiPSC) were used to develop an assay format 

that may deliver information on teratogenicity of drugs. A human pluripotent stem cell 

ScoreCard panel was used to monitor the expression of 96 marker genes that are 

indicative of the stem cell state or differentiation into the ectoderm, mesoderm and 

endoderm lineages. We selected a human episomal iPS cell line for the assay based 

on karyotype stability, initial pluripotency, differentiation capacity and overall gene ex-

pression variability. The assay is based on embryoid body formation and was devel-

oped to be simply automated. In this proof-of-concept study, we used eight reference 

compounds (valproic acid, all-trans-retinoic acid, thalidomide, methotrexate, hy-

droxyurea, ascorbic acid, penicillin G and ibuprofen) to test the technical performance 

of the assay (readout stability) in concentration-response and time-course experi-

ments. We also found that each compound affected marker gene expression in a dif-

ferent way. Various forms of data analysis identified 19 out of 96 early developmental 

genes as potential predictive markers for teratogenicity. Machine-learning models were 

run to exemplify how the assay will be developed further. The preliminary results from 

these analyses suggest that the assay could be suitable for the pre-screening of can-

didate pharmaceutical compounds. The approach presented here points a way to-

wards development of a human cell-based assay that could replace the murine EST 

currently used to screen for early indications of potential teratogenicity of drug candi-

dates.  

 

 

 

 

 

Keywords: teratogenicity, gene regulation, embryoid bodies, ScoreCard, human in-

duced pluripotent stem cells  
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2.1.2. Introduction 

All pharmaceuticals intended for use in women of reproductive age must be tested for 

teratogenicity in animals, as specified in the ICH S5 (R3) guideline (29). Also, all pes-

ticides and industrial chemicals produced at high tonnage need developmental toxicity 

testing to obtain marketing authorization (75). Several alternative methods have been 

developed for the prediction and detection of teratogenicity, but none are sufficiently 

reliable at the moment to replace studies in pregnant animals (40). Today, available 

alternative methods include in vitro embryo culture (76), the zebrafish embryo test (77) 

and the rodent embryonic stem cell test (78). The embryonic stem cell test has also 

been adapted to use human embryonic stem cells (ESCs) (79) or hiPSC (50,80).  

In this publication, we describe a proof-of-concept study of a new animal-free assay 

using human induced pluripotent stem cells (hiPSC) with transcriptomic readouts to 

screen pharmaceutical candidate molecules. Methods using hiPSC are subject to 

fewer ethical and legal constraints than those using human ESCs. We assume that the 

use of human stem cells, rather than those from rodents, will allow an improved pre-

diction of teratogenicity in humans (47).  

A mouse ESC test for the detection of teratogenicity has been in routine use in our 

laboratory for screening candidate drug molecules for more than a decade (43). This 

assay, however, only provides a very narrow assessment of the morphogenic pro-

cesses in the embryo, i.e., the ability of ESCs to differentiate into beating cardiomyo-

cytes (42). One established human hiPSC-based assay relies on the detection of 

changes in the ratio of two metabolites - ornithine and cysteine - that have not yet been 

mechanistically linked to any particular developmental process (50). Slightly more so-

phisticated methods incorporate transcriptomic readouts, such as a reduction in nu-

clear translocation of the transcription factor SOX17 in a monolayer of differentiating 

human pluripotent stem cells (81). A more comprehensive transcriptomic assessment 

would allow a much more complete evaluation of ongoing developmental processes. 

This could reveal concentration-effect relationships and provide information on the 

mechanism of action of teratogenic agents (82-84).  
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However, a major challenge remains to identify which differentially expressed genes, 

or gene expression patterns, are actually predictive of dysmorphogenic mechanisms 

amongst the thousands of developmentally active genes at any particular time during 

organogenesis (70-72).  

During regulatory risk assessment, teratogenic potential is generally only considered 

to be of clinical relevance if it is induced in animal studies at less than 25-times the 

human exposure at the maximum recommended dose (29). It is therefore of little help 

to categorize pharmaceutical candidate molecules as teratogenic or non-teratogenic 

based purely on a qualitative (non-exposure-related) hazard evaluation. For marketed 

pharmaceuticals, the term “teratogen” is sometimes used by physicians as shorthand 

to describe a medication that causes dysmorphogenesis under the recommended con-

ditions of use described in the drug label (85). Any alternative assay that classifies 

substances as teratogenic with no reference to pharmacological potency, dose or ex-

posure is of little use in pharmaceutical development because it would flag many po-

tentially valuable molecules as teratogenic despite negligible risk under the clinical 

conditions of use.  

Another characteristic that is unique to pharmaceutical testing is that teratogenicity 

may be caused by the intended therapeutic action of the drug, or it may be the result 

of secondary -non-desired- pharmacological activity. In-vitro teratogenicity assays can 

be used to rank candidate molecules according to their teratogenic potential for a given 

therapeutic potency. This information can then be used to inform molecular drug de-

sign. For the purposes of validating alternative teratogenicity assays, a “gold standard” 

list of reference compounds is needed. One such list was developed by the European 

Centre for Validation of Alternative Methods (ECVAM) in 2002, in which 20 chemicals 

were classified as strong, weak, or non-teratogens (86). The ECVAM list, however, 

failed to take into account dose or conditions of exposure. Daston et al. proposed ma-

ternal peak plasma concentration (Cmax) as a surrogate for conditions of exposure and 

published a list of 20 compounds (mainly pharmaceuticals). For each of these com-

pounds two Cmax values were indicated: the one, at which developmental toxicity was 

observed in vivo; and the one that corresponded to the no effect level (87).  
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Our aim is to supplement or replace the existing mouse ESC test with a model system 

that is more predictive for humans and can provide more information on teratogenic 

mechanisms. Our method herein is based on the spontaneous formation and mainte-

nance of embryoid bodies (EBs) under homogeneous conditions and the quantification 

of relative expression of predefined marker genes involved in early embryogenesis. 

Whereas other transcriptomic approaches either refer to whole transcriptome analysis 

or are limited to very few marker genes, we focused on a predefined, comprehensive 

set of early developmental markers that are differentially expressed in developing em-

bryoid bodies (73,74,88,89). We describe the set-up of a semi-automatic assay sys-

tem, approaches to optimize the experimental procedure and ways to control for con-

founding factors such as genomic integrity (90,91). Finally, we demonstrate the value 

of the model system with an initial qualification using eight reference compounds, com-

prising pharmaceuticals taken mainly from the ICH S5 list: valproic acid, retinoic acid, 

thalidomide, methotrexate and hydroxyurea, ibuprofen, ascorbic acid and penicillin G 

(29). 
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2.1.3. Material & Methods  

2.1.3.1. Cell line 

Several criteria for the selection of the cell line were defined by EB formation, initial 

pluripotency, differentiation capacity, karyotype stability and genetic authentication. 

Based on these properties, the human episomal iPS cell clone from Gibco® (Thermo 

Fisher Scientific, Waltham, USA, #A18945) was finally selected for the transcriptomic 

assessment of compound-induced changes in marker expression levels. This cell line 

is a zero-footprint, viral-integration-free human iPSC line, generated from cord blood-

derived CD34+ progenitors with seven episomal expressed factors (OCT4, SOX2, 

KLF4, MYC, NANOG, LIN28, and SV40T) (92,93). The cell clone was adapted to 

feeder-free, serum-free culture conditions and showed no abnormal karyotype altera-

tions up to at least nine passages (Suppl. Fig. S1.1). The clone exhibited superior plu-

ripotency and trilineage propensity.  

Analysis of karyotype and genetic stability was performed at WiCell® (Madison, USA). 

The cells passed regular mycoplasma testing, which was carried out internally at 

Roche Non-Clinical Bio-repository (Basel, Switzerland) with the MycoAlert™ PLUS 

Mycoplasma Detection Kit and the MycoAlert™ Assay Control Kit (Lonza, Switzer-

land). 

2.1.3.2. Human iPSC culture maintenance 

The cells were passaged twice a week with a defined cell number of 2.4 x 104 cells/cm2 

(three-day culture) or 1.2 x 104 cells/cm2 (four-day culture) to achieve a maximum con-

fluence of 80%. The medium was removed and the cells were detached with StemPro 

Accutase™ Cell Dissociation Reagent (Thermo Fisher Scientific) for five minutes at 

37°C/ 5% CO2. Cell detachment was stopped by adding StemFlex™ Medium (Thermo 

Fisher Scientific) to the detached cells, followed by centrifugation for five minutes at 

240 x g. Afterwards, the cell pellet was gently suspended in culture medium and the 

cells were seeded into Geltrex™ coated culture flasks with complete StemFlex™ (con-

taining 10% StemFlex™ Supplement and 1% RevitaCell™). StemFlex™ w/o Revita-

Cell™ replaced the medium completely the day after cell propagation. The cells were 

cultured throughout in a humidified incubator (Binder, Germany) at 37°C and 5% CO2. 
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2.1.3.3. Immunofluorescence labeling of pluripotency markers 

Undifferentiated hiPSC were plated on Geltrex™-coated 24-well plates in a concentra-

tion of 18,000 cells per well in StemFlex™ Medium with 1% RevitaCell™ solution. The 

medium was replaced the next day with StemFlex™ w/o RevitaCell™ and the cells were 

cultured for three days until a confluence of 80%.  

Fixation, permeabilization and blocking of non-specific receptors were performed with 

the image-iT™ staining kit from Thermo Fisher Scientific according to the manufac-

turer’s protocol.  

Primary antibody labelling was done with the pluripotency markers rabbit anti-OCT3/4 

(Invitrogen), mouse anti-TRA-1-60 (Invitrogen) and nuclei were labeled with 

HOECHST 33342 (Gibco®). Phase contrast and fluorescence images were taken with 

the Zeiss Observer Z1 at 20-fold magnification. 

2.1.3.4. Embryoid body formation and size determination 

Prior to cell seeding, 160 µl of StemFlex™ medium per well was added to 96-well 

Elplasia™ microwell plates (Corning™, NYC, USA, #4442), which were then centrifuged 

for 2 minutes at 600 x g to remove air bubbles. To generate homogenous EBs, a well-

suspended single-cell solution of approx. 120,000 undifferentiated hiPSC was seeded 

into the microwell plates with 100 µl of StemFlex™ containing 1% RevitaCell™, resulting 

in a total medium volume of 260 µl per well.  

For spontaneous EB formation of hiPSC, StemFlex™ was replaced by Embryoid Body 

Medium (EBM) 24 h after cell seeding (Knockout DMEM, 20% Knockout Serum Re-

placement, 1% GlutaMAX™, 1% non-essential amino acids, 0.18% beta-Mercaptoeth-

anol, Gibco® by Thermo Fisher Scientific). All seeding and treatment procedures were 

performed with an automated ViaFlo 96w pipetting system to keep a high level of re-

producibility. The EBs homogeneity has been analyzed with automated size determi-

nation of bright-field images from ~100 EBs across several plates, taken with the Opera 

Phenix™ High Content Screening System at 5-fold magnification on DIV5 (Perkin 

Elmer) (Suppl. Fig. S2.1). 
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2.1.3.5. Cell line pluripotency and differentiation propensity 

The level of initial pluripotency from iPS cells was assessed from purified RNA of 106 

undifferentiated cells on the day of seeding. The samples were measured by 384-well 

TaqMan™ hPSC ScoreCard assays (Thermo Fisher Scientific) with a panel of 96 early 

differentiation and pluripotency markers according to the supplier’s protocol. To deter-

mine the differentiation propensity of the pluripotent hiPSC into ecto- (EC), endo- (EN), 

mesendo- (ME) and mesoderm (MS), a total amount of ~1,000 developing EBs per 

sample were collected after three, five, seven and ten days in vitro (DIV3, DIV5, DIV7 

and DIV10 hereafter) and processed with the High Pure RNA Isolation Kit (Roche Di-

agnostics, Switzerland).  

To determine the optimal assay time point it was necessary to test for differentiation 

propensity over a distinct time course. One of the goals was to develop a faster assay 

than the currently used mEST, which uses a functional readout after a ten-day differ-

entiation. Recapitulating the physiological properties of the naïve stem cell character-

istics as closely as possible, the cells were allowed to differentiate spontaneously into 

three-dimensional embryoid bodies, enabling the development of all three germ layers 

(meso-, endo- and ectoderm).  

An evaluation of early markers in all three germ layers should provide a more holistic 

view of morphogenesis than established in vitro developmental toxicity protocols. To 

assess the progression of differentiation, relative germ layer-specific marker expres-

sion was averaged and normalized to the fold-change on gene expression of an undif-

ferentiated 23-cell line reference set, which the web-based ScoreCard analysis soft-

ware tool refers to (74).  

2.1.3.6. Compound treatment and RNA extraction 

Embryoid bodies were treated with EBM for five or seven days and the medium was 

exchanged after 72 h and 120 h. The solvent controls contained 0.25% DMSO (Dime-

thyl sulfoxide, Sigma Aldrich, St. Louis, USA) diluted in EBM and the test samples 

contained valproic acid, all-trans-retinoic acid, thalidomide, methotrexate, hy-

droxyurea, ascorbic acid, penicillin G and ibuprofen at six different concentrations di-

luted in 0.25% DMSO. The reference compounds were chosen mainly based on hu-

man teratogenicity classification criteria found in literature and based on ICH S5 (R3) 

reference list. One exception was ibuprofen, for which the classification as a teratogen 
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in ICH S5 (R3) guideline is positive but did not show teratogenicity in human studies. 

Several studies agree that ibuprofen is probably safe to use in small to moderate doses 

in the first trimester of pregnancy. It is more likely to increase the risk of premature 

closure of the fetal ductus arteriosus in the third trimester of pregnancy – so we pre-

sumed it in our study as negative (29,94-100) (compound overview see Tab. 1.1).  

The EBs were treated with compounds on DIV0 and DIV3 for a final assay on DIV5, 

and on DIV0, DIV3 and DIV5 for a final assay on DIV7 (Fig. 1.1). All seeding, com-

pound treatment and media replacement steps were performed with the 96-well 

ViaFlo™ automated pipetting system (Integra, Switzerland) to avoid loss of EBs and 

to establish a reliable and reproducible assay procedure. Treated EBs from 12 

macrowells were collected and total RNA was isolated at DIV5 and DIV7. The EB sam-

ples were washed twice with 10 ml 1 x PBS w/o Mg2+/Ca2+ (Thermo Fisher Scientific) 

and then completely lysed with 200 µl PBS w/o Mg2+/Ca2+ (Gibco®, Thermo Fisher Sci-

entific) and 400 µl Lysis Buffer (Roche Diagnostics, Switzerland).  

All the cell lysates were purified with the High Pure RNA Isolation Kit (Roche Diagnos-

tics, Switzerland) according to the supplier’s protocol. The RNA concentration was de-

termined by Thermo Fisher Scientific NanoDrop™ spectrophotometer. The initial qual-

ity criteria to allow further processing of the RNA extraction was a sufficient sample 

purity according to A260/A230 and A260/A280 absorption ratios of at least 2.0. An amount 

of 1.0 µg total RNA per sample was synthesized to cDNA with the Transcriptor™ Uni-

versal cDNA Master Kit (Roche Diagnostics) according to the reaction protocol (5 min 

25°C, 10 min 55°C, 5 min 85°C, hold ∞ min 4°C). 
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Figure 1.1: Assay design and gene marker panel. 

After seeding of ~120,000 cells per well into 96-well microwell plates (DIV -1) it follows a five- to seven-

day assay procedure with hiPSC derived three-dimensional EB formation. Samples are treated with 

compounds at six concentrations as well as with DMSO as control within the embryoid-body medium on 

DIV0 and DIV3 for a five-day differentiation readout and on DIV0, DIV3 and DIV5 for a seven-day assay. 

Sequential compound treatment, RNA isolation and cDNA synthesis are followed by the TaqMan™ 

hPSC ScoreCard panel analysis on DIV5 or DIV7 with 96 gene markers that are separated by differen-

tiation categories into ectodermal (EC), endodermal (EN), mesodermal (MS), mesendodermal (ME), 

pluripotency (PL), endogenous control (Ctrl) and other specific early developmental markers. 

2.1.3.7. Cytotoxicity 

Cytotoxicity was assessed with CellTiter-Glo® 3D assay from Promega (Fitchburg, 

USA). The EBs were treated according to paragraph 2.6 with reference compounds in 

seven different concentrations (Tab. 1.1). The positive control 5-fluorouracil was ap-

plied at a final concentration of 25 µM. CellTiter-Glo® reagent (100 µl) was added and 

incubated for 5 minutes on the shaker to lyse the EBs. The plates were kept additional 

25 minutes in the dark at room temperature for binding of the released ATP to the 

luminescent dye. ATP release in supernatants was measured with the spectrophotom-

eter (Biotek, Vermont, USA). Compound concentrations that showed cytotoxicity were 

not considered for subsequent differentiation assays (Tab. 1.1).  
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Table 1.1: List of positive and negative reference compounds. 

Compound concentrations that were selected for treatments during EB differentiation in gene expression 

assays, and their teratogenicity classification. *Hydroxyurea: classification by ICH is based on animal 

in vivo data only: to our knowledge, only few references are available for this classification with no robust 

data showing adverse human pregnancy outcomes (29).  

 

Compound 

Name 

Catalog-

number  

Compound  

concentrations  

(cytotoxicity) 

Compound  

concentrations  

(differentiation) 

Teratogenicity 

(human) 

Valproic  

Acid 

PHR1061 

(Sigma 

Aldrich) 

4.0 µM 

12 µM 

37 µM 

111 µM 

333 µM 

1000 µM  

3000 µM 

4.0 µM  

12 µM  

37 µM  

111 µM  

333 µM  

1000 µM  

Positive 

(29,101,102) 

 

Cmax: 1400 µM 

all-trans- 

Retinoic  

Acid 

R2625 

(Sigma 

Aldrich) 

0.4 nM 

1.2 nM 

3.7 nM 

11 nM 

33 nM 

100 nM  

300 nM 

0.4 nM  

1.2 nM  

3.7 nM  

11 nM  

33 nM  

100 nM  

 

Positive 

(29,103,104) 

 

Cmax: 1.5 µM 

Thalidomide T144 

(Sigma 

Aldrich) 

6.25 µM 

12.5 µM 

25 µM  

50 µM 

100 µM 

200 µM 

400 µM 

0.4 µM  

1.2 µM  

3.7 µM  

11 µM  

33 µM  

100 µM  

 

Positive 

(14,29,105-107) 

 

Cmax: 2.4 µM 

Methotrexate M8407 

(Sigma 

Aldrich) 

3.9 nM 

7.8 nM 

15.6 nM 

31.25 nM 

62.5 nM 

125 nM  

250 nM 

0.4 nM  

1.2 nM  

3.7 nM  

11 nM  

33 nM  

100 nM  

Positive  

(29,108-110) 

 

Cmax: 4.6 nM 
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Hydroxyurea* H8627  

(Sigma 

Aldrich) 

0.4 µM 

1.2 µM 

3.7 µM 

11 µM 

33 µM 

100 µM  

300 µM 

0.4 µM  

1.2 µM  

3.7 µM  

11 µM  

33 µM  

100 µM  

 

Positive 

(29,111-114) 

 

Cmax: 683 µM 

Ascorbic Acid A8960 

(Sigma 

Aldrich) 

46.87 µM 

93.75 µM 

187.5 µM 

375 µM 

750 µM 

1500 µM 

3000 µM 

4 µM  

12 µM  

37 µM  

111 µM  

333 µM  

1000 µM  

Negative 

(115-117) 

 

Cmax: 50.000 µM 

Penicillin G 13752 

(Sigma 

Aldrich) 

78.12 µM 

156.25 µM 

312.5 µM 

625 µM 

1250 µM 

2500 µM  

5000 µM 

63 µM  

125 µM  

250 µM  

500 µM  

1000 µM  

2000 µM  

Negative 

(100,118-121) 

 

Cmax: 1150 µM 

Ibuprofen I4883 

(Sigma 

Aldrich) 

54.68 µM 

109.37 µM 

218.75 µM 

437.5 µM 

875 µM 

1750 µM  

3500 µM 

63 µM  

125 µM  

250 µM  

500 µM  

1000 µM  

2000 µM  

Negative  

(90-96,122) 

 

Cmax: 286 µM 

2.1.3.8. TaqMan™ ScoreCard Assay 

The final real-time quantitative chain reaction (qPCR) was performed with the 384-well 

TaqMan™ hPSC ScoreCard Panel from Applied Biosystems™ (provided by Thermo 

Fisher Scientific) according to the assay protocol. The addition of 20 µl RNAse-free 

H2O (Ambion, Austin, USA) and 70 µl TaqMan™ Gene Expression Master Mix (Applied 

Biosystems™) completed the 1.0 µg cDNA sample volume to 140 µl. To each well of 

the 384-well ScoreCard, a final volume of 10 µl sample solution has been added. 

Quantitative PCR was performed with the Viia7™ qPCR system (Thermo Fisher Scien-

tific), using the following settings: 2 min 50°C, 10 min 95°C, 15 sec. 95°C, 1 min 60°C, 

40 cycles. The data were processed using the web-based hPSC ScoreCard analysis 
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tool provided by Thermo Fisher Scientific. The ΔCt values were calculated by subtract-

ing the geometric mean of the Ct values for all endogenous standards from each Ct 

value, with a maximum threshold cycle of 35. Results were normalized against solvent 

control (0.25% DMSO) of the samples. 

2.1.3.9. Data modelling and statistical analysis 

We planned and executed three types of data modelling and statistical analysis. First, 

we performed gene-level data analysis of raw RT-PCR data (including visualization by 

dimension-reduction techniques). Next, we queried differentially expressed genes be-

tween cells treated with teratogens and cells treated with non-teratogens. Finally, we 

built machine-learning models to distinguish teratogens from non-teratogens based on 

differential regulation patterns. The models and analysis procedures are described in 

detail below. 

We used the ddCt software package (123) to perform sample and gene normalization 

of qPCR data using the ΔΔCt method (124). Specifically, ΔΔCt values for lineage-de-

pendent developmental markers were calculated by subtracting the average Ct of the 

internal standard controls from the treated sample Ct values followed by normalization 

against solvent controls (DMSO). The ΔΔCt method was applied to each experiment 

respectively to normalize gene expression data, using DMSO as reference and ACTB, 

EP300, SMAD1 and CTCF as control genes. Relative expression (log-2-fold change) 

of all marker genes with regard to vehicle control cells and housekeeping genes is 

used for exploratory analysis of regulatory patterns by principal component analysis 

(PCA).  

To summarize concentration-effect data into one data point of each tested compound, 

we took the median differential expression (middle concentration) across the tested 

concentration range from three independent experiments (n=3). Next, we used the 

limma software package (125) to identify genes that are differentially regulated by ter-

atogens and by non-teratogens. Finally, to build machine-learning models that are able 

to distinguish teratogens from non-teratogens, we built support vector machine (SVM) 

models with the e1071 software (Department of Statistics, TU Vienna). The following 

parameters were used: linear kernel, gamma=0.01, cost=4, and random seed 1887 

(see Fig. 5.1, 8.1).  
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2.1.4. Results 

2.1.4.1. Establishment and characterization of a 3D human pluripotent stem cell test  

Microscopic examination of morphological characteristics revealed that the undifferen-

tiated hiPSC formed compact colonies with well-defined borders during proliferation. 

They generally grew in a radial pattern, which is a clear indication for pluripotency 

(93,126). All undifferentiated hiPSC samples were tested for pluripotency prior to the 

assay by immunofluorescence labeling and showed positive marker expression of 

OCT3/4 (POU5F1) and TRA-1-60 self-renewal markers to verify the ScoreCard results 

phenotypically (Suppl. Fig. S3.1). ScoreCard analysis revealed that the mean pluripo-

tency marker levels for undifferentiated hiPSC showed comparable expression levels 

in relation to the fold changes of the indicated genes relative to a given reference set 

of 23 undifferentiated hiPSC clones.  

However, most samples showed an upregulation in their mesendodermal expression 

score relative to the reference standard (Suppl. Fig. S4.1) while the overall ScoreCard 

analyses revealed a suitable pluripotency of the undifferentiated cells. The temporal 

expression levels for the germ layer-specific marker genes gradually increased during 

embryoid body formation, initially with superior levels of ectoderm (EC) expression fol-

lowed by mesoderm (MS) and endoderm (EN). In parallel, pluripotency (PL) and mes-

endodermal (ME) marker expression gradually decreased over time according to de-

velopmental progression. At DIV5, expression of marker genes indicative of all germ 

layers (EC, EN, MS) already showed significant increases in comparison to the undif-

ferentiated controls. The trend continued up to DIV10, with sufficient expression levels, 

i.e., greater than 2-fold change (Suppl. Fig. S5.1).  

In general, the EBs showed remarkable proficiency to differentiate spontaneously into 

all three germ layers based on achieving sufficient marker responses in the ScoreCard 

analysis for early EC, EN and MS trilineage differentiation as well as decreased ME 

and PL marker expression to demonstrate recapitulation of early embryonal develop-

ment. Therefore, EBs were tested over a maximum of seven days of differentiation and 

minimum of five days within teratogenicity assays, in accordance with the findings of 

Tsankov et al.(74), who proposed a minimum of five days for appropriate early marker 

expression. Furthermore, we have proven the overall homogeneity of the differentiated 
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embryoid bodies and measuring their size revealed a median diameter of 186 µm per 

EB with a consistent and homogenous distribution across the plates (Suppl. Fig. S2.1).  

2.1.4.2. Cytotoxicity determination for concentration range finding  

To select adequate compound concentrations avoiding cytotoxicity-induced effects on 

gene expression and EB degradation, it was necessary to perform cytotoxicity studies 

in advance of the differentiation assays. Concentration ranges for the final gene ex-

pression assays were selected based on data from previously performed CellTiter-

Glo® cytotoxicity assays. The final concentration ranges for EB differentiation were cho-

sen based on concentrations lower than determined IC50 values (half maximal inhibi-

tory concentration) for cytotoxicity to maintain cell viability: valproic acid: <1.1 mM, all-

trans-retinoic acid: <112 nM, thalidomide: <100 µM, hydroxyurea: <0.1 mM, metho-

trexate: <107 nM, ascorbic acid: <1.3 mM, penicillin G: <2.2 mM, ibuprofen: <2.1 mM 

(Fig. 2.1). Some concentration ranges had to be adapted in further differentiation stud-

ies to cover even lower concentrations than those covered by previous cytotoxicity 

experiments. Compound concentrations higher than IC50 cytotoxicity values were not 

considered in subsequent gene expression assays (Tab. 1.1). Since we intend to use 

the assay to screen pharmaceutical candidate molecules, we attempted to exclude the 

detection of developmental toxicity that occurs only in the presence of cytotoxicity or 

maternal systemic toxicity and these effects would already limit the use of the drug. 

The presented data demonstrates that we have covered the clinically relevant concen-

trations (human Cmax) very well in most cases and only in a few cases we are below 

the clinically Cmax due to dose limiting solubility issues or general cytotoxicity of the 

compound.  
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Figure 2.1: Determination of Cytotoxicity. 

The curves show the compound concentrations of eight different reference substances measured on 

DIV7 (single compound concentrations listed in Tab. 1.1). Concentration dependent cell viability of lysed 

embryoid bodies was measured by release of ATP in supernatants based on CellTiter Glo™ lumines-

cent assay. Cell viability was normalized to a 0.25% DMSO control (100%). The IC50 determines the 

maximum concentration where 50% of the EBs show viability (dashed black line). The IC50 concentra-

tions have been used as a basis for maximum concentration limits for further differential gene expression 

studies. Red dashed lines indicate the log concentration of Cmax values (n=3, ±SD).  

2.1.4.3. Computational prediction of teratogenicity  

Genetic variability and dynamic marker gene expression make a quantification of spon-

taneous EB differentiation difficult. Therefore, standardization and full automation of 

sample treatment for differentiating EBs were crucial to reduce external disturbance 

on transcriptomic regulation (127). The distribution of mean Ct values and their coeffi-

cients of variance (CV) from untreated controls of nine independent experiments re-

vealed a good consistency and a high level of reproducibility between biological repli-

cates. The distribution between different genes within one feature class showed a 

maximum of three-fold standard deviation. Genes like PAX3, SOX1, PHOX2B, CD44, 

SEV, AFP or SOX17 had Ct values of around 40 in the untreated control samples 

across all experiments (Fig. 3.1a). We observe that the median CV of all feature clas-

ses is around or lower than 5% (Fig. 3.1b). It suggests that the assay is robust and the 

gene expression profiles of control samples show only limited variability. The overall 

median Ct value from all merged compound treatment experiments was less than 35 

cycles (Suppl. Fig. S6.1). It suggests that the majority of signals had detectable inten-

sity and likely will have favorable signal-to-noise-ratios. Only two samples with unusu-

ally high median Ct values around 40 had to be excluded. The final ΔΔCt data from 

compound treatment samples were always normalized to the DMSO solvent control.  

We performed principal component analysis (PCA) to the relative gene expression 

data obtained from compound-treated samples at DIV5 and DIV7, respectively. We 

applied the ΔΔCt method to transform raw Ct values into relative gene expression, 

which was used as the input of the PCA algorithm. Data from DIV5 and DIV7 were 

analyzed with PCA separately. Each dot represents one differential gene expression 

profile, which is derived from averaging three biological replicates of compound treat-

ment by six different non-cytotoxic concentrations. PCA analysis revealed that the 96-

gene panel of preselected early developmental markers largely distinguished between 
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teratogens and non-teratogens in concentrations below cytotoxicity (Fig. 4.1). We also 

visualized the linear separability of differential gene expression profiles induced by ter-

atogenic and non-teratogenic compounds, using data at DIV7 as an example. We ob-

served that teratogenic and non-teratogenic compounds are linear separable after 

DIV7 using differential expression profiles of the selected genes (Fig. 5.1). We also 

observed regulation patterns specific to feature classes of the genes (EC, EN, MS, 

ME, PL).  

This resulted in a much higher variance within treatments than those induced by non-

teratogens (Fig. 6.1a, b). Teratogens systematically reduce expression of genes like 

CD44, JARID2, MYC and SEV and genes for self-renewal (CXCL5, DNMT3B, HESX1, 

IDO1, LCK, NANOG, POU5F1, SOX2 and TRIM22) compared to solvent controls and 

non-teratogens (Suppl. Fig. S7.1). Some genes show a clear concentration-dependent 

induction or inhibition; for instance, HAND1. Other genes displayed stable gene ex-

pression across the tested concentration levels, for instance BMP10. We constructed 

linear models and identified 19 potential genes that are differentially regulated by ter-

atogens versus non-teratogens (unadjusted p-value <0.05), where all of the germ layer 

feature classes (EC, EN, ME, MS, PL) are appropriately represented (Fig. 7.1, Tab. 

2.1).  

However, ectodermal markers like MYO3B, CDH9, WNT1 or TRPM8 were only regu-

lated significantly on DIV7. At the same time, some mesodermal and endodermal 

markers were only significantly regulated on DIV5 (HNF1B, NODAL, HAND2, CDX2, 

FCN3, PLVAP, HESX1) and others were only significantly regulated on DIV7 (LEFTY1, 

HNF4A, PTHLH, HAND1, TBX3, RGS4). These observations reflect the dynamics of 

this developmental system (Suppl. Fig. S7.1). While the 19 markers might already be 

a sufficient panel to predict teratogenicity based on a transcriptomic readout, we be-

lieve their predictive value needs further investigation. In addition, re-evaluation of the 

readout time point (e.g., DIV6) might be helpful when an expanded set of compounds 

is tested. Finally, to demonstrate the predictive value of the assay, we built two prelim-

inary binary classifiers of teratogenicity using the data obtained at DIV5 and DIV7, 

respectively.  
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First, we summarized relative gene expression data of each gene for seven com-

pounds with confident human teratogenicity classification (n=7, excluding hy-

droxyurea) and DMSO with the median differential gene expression across concentra-

tion ranges for every single compound (or across replicates in the case of DMSO). 

Next, we trained linear support vector machines (SVMs) and assessed their perfor-

mance by leave-one-out cross validation (LOOCV). The prediction accuracy was 

87.5% at DIV5 and 100% at DIV7 (see details in Tab. 3.1 and Fig. 8.1). We note that 

valproic acid (<1000 µM), thalidomide (<100 µM), all-trans-retinoic acid (<100 nM) and 

methotrexate (<100 nM) were classified as positive substances at DIV7. Whereas 

ascorbic acid (<1000 µM), ibuprofen (<2000 µM) and penicillin G (<2000 µM) were 

classified as negative based on their significant gene regulation within the range of in 

vivo relevant concentrations and apart from cytotoxic effects since we have tested be-

low IC50 values. Intriguingly, SVMs wrongly classified valproic acid as negative at DIV5, 

but correctly classified it as positive at DIV7. This might indicate a better prediction of 

teratogenic effects on later time points. At the same time, hydroxyurea, which is tera-

togenic in animal studies, was predicted negative at DIV7. All other compounds were 

correctly classified by leave-one-out cross validation according to Table 3.1 (also see 

Fig. 5.1 & 8.1). We emphasize that both classifiers are built with scarce data. They are 

likely subject to over-fitting, which severely limit their practical application. However, 

we believe that with more data collected from this assay, it will be feasible to build even 

better predictive models in the future. 
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Figure 3.1: Basic distribution of Ct values from genes of all feature classes in control samples. 

(a) Distribution of the arithmetic mean of Ct values and their associated standard deviation across nine 

biological replicates in untreated negative control samples. Each dot represents the mean C t value 

out of nine different experiments for one single gene, separated by feature classes (endogenous 

control genes, ME, EN, MS, EC, other and self-renewal genes). A mean distribution histogram of Ct 

values across all experiments is represented in Suppl. Fig. S6.1.  

(b) To calculate Coefficients of Variation, we first derived the arithmetic mean and the standard deviation 

of Ct values from nine independent negative control samples. CV is then calculated as the ratio of 

the standard deviation over the arithmetic mean. In those Whisker-Box-plots, each dot represents 

one gene, the horizontal bar indicates the median, the lower and upper hinges correspond to the first 

and third quartiles, and the whiskers extend from the hinge to the largest value no more than 1.5 

times of inter-quartile range. The colors indicate the class of each feature. The observation that me-

dian CV of all feature classes is around or lower than 5% suggests that the assay is robust and the 

gene expression profiles of negative controls show only limited variability (n=9). 
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Figure 4.1: Principal Component Analysis of ΔΔCt ScoreCard Assay Data. 

We performed principal component analysis (PCA) to the relative gene expression data obtained from 

compound-treated samples at DIV5 and DIV7, respectively. We applied the ΔΔCt method to transform 

raw Ct values into relative gene expression, which was used as the input of the PCA algorithm. Data 

from DIV5 and DIV7 were analyzed with PCA separately. Each dot represents one differential gene 

expression profile, which is derived from averaging three biological replicates of compound treatment 

by six non-cytotoxic concentrations (Tab. 1.1). Profiles associated with the same treatment are rendered 

in color codes that are indicated in the legend, and the arrows indicate the direction from the lowest to 

the highest concentration (n=3). Only explicit concentrations of all-trans-retinoic acid are shown as ex-

ample in the figure. We observed that the 96-gene panel could distinguish non-teratogenic compounds 

(green dots) from teratogens (orange/red/magenta dots). Hydroxyurea, which is reported as a teratogen 

in animal models and for which no control data is available in humans, displays on DIV7 a profile that 

rather resembles those of non-teratogenic compounds. On DIV5, lower concentrations show rather a 

positive effect and higher concentrations mimic non-teratogens.  
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Figure 5.1: Linear separation of test compounds.  

In this figure, we visualize the linear separability of differential gene expression profiles induced by ter-

atogenic and non-teratogenic compounds, using data at DIV7 as an example. Genes that are signifi-

cantly regulated after DIV7 are chosen as features to build a binary SVM using the same parameter sets 

specified in the method section. Differential expression profiles of these genes are visualized as a linear 

transformation using principal component analysis (PCA, grey arrows and texts). The samples are pro-

jected on to the same plot by using the scores of PCA (blue or red points). The orange line indicates the 

hyperplane of separation. Dots in black circles are the support vectors. We observe that teratogenic and 

non-teratogenic compounds are linear separable after DIV7 using differential expression profiles of the 

selected genes. The directionalities of the genes in this graph reflect the regulation patterns: genes with 

arrows pointing to the right are up regulated by teratogens, while genes with arrows pointing to the left 

are down regulated by them. Our decision to use only significantly expressed genes instead of using all 

genes is purely driven by the need of visualization because we can hardly visualize more than a few 

genes simultaneously with the samples in a clear and easy-to-read manner. Nevertheless, we note that 

the classification accuracy remains the same. 
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Figure 6.1: ΔΔCt distribution by feature classes of genes. 

(a) Distribution of relative gene expression by feature classes (Mesendoderm, Endoderm, Mesoderm, 

Ectoderm, Other and self-renewal) and endogenous control genes (Controls) affected by all positive 

and negative compounds in relation to the final assay endpoint (DIV5 or DIV7). All corresponding 

genes of a lineage are plotted in relation to the treatment of either solvent control (DMSO), negative 

compounds (Ibuprofen, Ascorbic Acid, Penicillin G), inconclusive (Hydroxyurea, see comments in 

the caption of Tab. 1.1) or positive compounds (Thalidomide, Valproic Acid, all-trans-Retinoic Acid, 

Methotrexate). Positive and inconclusive compounds show significant effects on gene regulation in 

all lineages compared to DMSO controls and negative compounds, whereas all compound classes 

do not represent any effect on the endogenous control genes. Most significant effects of positive 

compounds were observed for ectodermal, endodermal and mesodermal genes at DIV7. Replicates 

and concentration-effects are summarized by median values (n=3). One-factor ANOVA analysis was 

performed to compare relative gene expression induced by different treatments at each time point 

and in each feature class. Asterisks indicate the statistical significance of the F-test: *: p<0.1, **: 

p<0.05, ***: p<0.01, ****: p<0.001. 

(b) Relative expression of genes averaged by feature class (endogenous control genes, Mesendoderm, 

Endoderm, Mesoderm, and Ectoderm, Other and self-renewal) induced by three representative com-

pounds on DIV7: Ibuprofen, Hydroxyurea, and all-trans-Retinoic acid. Dots indicate the median rel-

ative expression of genes of the indicated feature (n=3). Lines connect all tested concentrations from 

low (Conc. 1) to high (Conc. 6) (see Tab. 1.1). Error bars indicate 25% and 75% quantile of relative 

expression of genes in the given feature class. This figure is a zoom-in of the previous Fig. 6.1, A of 

ΔΔCt distribution by feature classes (n=3). 
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Figure 7.1: Significantly regulated genes across all compound treatments on DIV5 or DIV7. 

Linear statistical models identified 19 genes that are differentially regulated statistically (unadjusted p-

values <0.05) by teratogens at DIV5 or at DIV7 (red dots). Median values from each individual positive 

and negative compound treatment (n=3) have been taken (hydroxyurea has been excluded from this 

calculation due to false-negative prediction). The significantly regulated genes (red dots) are described 

in detail in Table 2.1.  
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Figure 8.1: Leave-one-out testing scheme. 

The figure shows the computational procedure of the leave-one-out testing. In each iteration, one com-

pound is held out as the test data (grey box) and other compounds are used as the training data to train 

a support-vector machine (SVM) model using leave-one-out cross-validation (LOOCV). The inner-loop 

LOOCV procedure tunes the hyperparameters of the SVM model by leaving one data point of the train-

ing set at a time and selects the best parameter set by the average prediction accuracy. The outer-loop 

leave-one-out testing procedure is performed eight times (iterations). We find that in all cases, the held-

out test data point is correctly predicted, namely the classification accuracy is 100%. We note that due 

to the very limited data size, however, the accuracy of the model will be likely lower when it is applied 

to an independent dataset. Color codes: blue boxes indicate non-teratogenic compounds, pink boxes 

indicate teratogenic compounds, and the grey box indicates the held-out test data.  
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Table 2.1: Significantly regulated genes by teratogens on DIV5 and DIV7. 

Genes that were significantly up- or downregulation by teratogens across all compound treatments ei-

ther at DIV5 or at DIV7 (green) (unadjusted p- values <0.05, moderated t-test). The data is generated 

from median values (middle concentration) of all positive and negative compound treatments out of 

three independent biological replicates (n=3). 

 

Marker Feature Class Relative Expression 

DIV5 

p-value 

DIV5 

Relative Expression 

DIV7 

p-value 

DIV7 

MYO3B Ectoderm 1.0 0.91 0.3 0.01 

CDH9 Ectoderm 0.8 0.76 0.3 0.03 

WNT1 Ectoderm 0.9 0.83 0.3 0.05 

TRPM8 Ectoderm 0.4 0.07 0.2 0.03 

GATA6 Endoderm 1.8 0.41 5.4 0.05 

LEFTY2 Endoderm 1.5 0.21 2.7 0.05 

HNF1B Endoderm 6.3 0.03 2.1 0.20 

LEFTY1 Endoderm 1.5 0.12 1.9 0.04 

NODAL Endoderm 2.8 0.01 1.8 0.44 

HNF4A Endoderm 0.9 0.91 0.4 0.03 

PTHLH Mesendoderm 1.3 0.41 1.8 0.03 

HAND1 Mesoderm 2.5 0.08 7.8 0.03 

HAND2 Mesoderm 7.1 0.01 5.8 0.10 

CDX2 Mesoderm 6.2 0.04 4.5 0.08 

TBX3 Mesoderm 1.7 0.14 3.8 0.04 

RGS4 Mesoderm 2.4 0.05 3.3 0.03 

FCN3 Mesoderm 0.4 0.02 0.6 0.30 

PLVAP Mesoderm 0.4 0.03 0.2 0.09 

HESX1 Self-renewal 0.1 0.03 0.3 0.07 
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Table 3.1: Preliminary teratogenicity classification model.  

Overview of a preliminary prediction model based on two binary classifiers of teratogenicity using the 

data at DIV5 and DIV7. Therefore, we summarized relative gene expression data of each gene for seven 

compounds with confident teratogenicity classification (n=7, excluding Hydroxyurea as inconclusive 

substance) and DMSO with the median across concentration ranges (or across replicates in the case 

of DMSO). Since the number of samples are very limited, a complex classifier may be subject to over-

fitting. Therefore, we trained a simple model of linear support vector machines (SVMs) and assessed 

their performance by leave-one-out cross validation (LOOCV). The prediction accuracy was 87.5% at 

DIV5 and 100% at DIV7. 

 

Compound Teratogenicity class (human) DIV5 LOOCV DIV7 LOOCV 

DMSO Negative Negative Negative 

Ascorbic Acid Negative Negative Negative 

Ibuprofen Negative Negative Negative 

Penicillin G Negative Negative Negative 

Thalidomide Positive Positive Positive 

Valproic Acid Positive Negative Positive 

all-trans-Retinoic Acid Positive Positive Positive 

Methotrexate Positive Positive Positive 
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2.1.5. Discussion 

The aim of this study was the establishment of a human iPSC-based 3D in vitro model 

to predict compound teratogenicity.  

The readout of the assay investigates the perturbation of the expression of a battery 

of developmentally pertinent genes induced by teratogenic pharmaceuticals at sub-

cytotoxic concentrations. Previous studies demonstrate that hiPSC-derived EBs reca-

pitulate molecular events in early embryonic development (128). Most previous studies 

that have focused on the detection of teratogenesis using transcriptomic approaches 

have encountered challenges around lineage bias or genetic variability during sponta-

neous EB differentiation, especially for reprogrammed stem cells (129). Other studies 

have used human embryonic stem cells, which were not considered appropriate for 

our model due to ethical constraints and in taking into account the ready availability of 

hiPSC (68,130).  

The unprimed human episomal iPS cell line, which was finally selected for the assay, 

spontaneously differentiates into all three germ layers, allowing monitoring of subse-

quent alterations in early gene expression signatures during EB maturation. Though 

most samples showed relatively high levels of mesendodermal expression at DIV0, 

mainly caused by the upregulation of NR5A2 marker, which functionally substitutes 

OCT4 and improves reprogramming efficiency – however, the overall pluripotency did 

not get impaired. Since we observed this upregulation in all samples across different 

passages and without any loss of pluripotency, it might be an indication of general cell 

line-specific characteristics of reprogrammed episomal hiPSC (131-133). Genetic sta-

bility of the cell line is crucial to limit assay variation (91,134). No clonal or non-clonal 

abnormalities were identified within the karyotype for up to nine passages. In compar-

ison to conventional culture systems, our maintenance protocol and automated EB 

formation improves reproducibility and is suited to high-throughput upscaling of the 

assay, which was proven by randomly homogenous size determination of the EBs. As 

already described (74), temporal differentiation assessment in the present study re-

vealed DIV7 as the optimal time point. Compared to later measurements, this is more 

economical than DIV5 (earlier) because of better marker representation and signal de-

termination.  
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Another novelty of the present study was the targeted assessment of a preselected 

panel of human developmental markers involved in early embryonic differentiation, 

with the aim of narrowing down the most representative markers for teratogenicity de-

termination. This knowledge-driven approach may provide an advantage compared to 

data-driven approaches, often involving whole-transcriptome profiling, which 

measures many effects in genes, pathways, and networks unrelated to development 

(83). Our study showed consistent and reliable data for the selection of predictive 

marker genes to distinguish between teratogenic and non-teratogenic pharmaceuti-

cals. Linear statistical modelling identified 19 early-differentiation markers that were 

significantly regulated by teratogens at either DIV5 or DIV7. Support-vector machines, 

trained with the limited dataset, classified seven out of eight reference compounds 

correctly at DIV7, with the notable exception of hydroxyurea for human teratogenicity 

of which we tend to interpret as inconclusive.  

The machine-learning model, despite its severe limitation of data, suggests that our 

hiPSC-based model system, coupled with targeted transcriptomic profiling, may better 

predict human teratogenicity than previous model systems. Thalidomide, for example, 

was correctly classified as a human teratogen in a concentration range between 100 

and 0.4 µM on DIV5 and DIV7, whereas the substance is a false negative when tested 

in rodent in vivo models (17,19,135,136). In this regard, it is important to note that 

different toxicants triggered different patterns of gene expression and affect germ lay-

ers in compound-specific patterns. This is a relevant learning from the current study, 

as the appropriate weighing of these effects needs to be considered for further devel-

opment of prediction models. Given that the selected gene panel is enriched with mark-

ers of ectodermal development, compounds interfering with it might be detected with 

particularly higher sensitivity. At the same time, given that meso- and endodermal 

marker expression changes are less prominent, future investigations are warranted to 

identify whether teratogens interfering specifically with meso- and endodermal devel-

opment can be detected with high accuracy, and to identify new, better markers spe-

cific for this purpose (83).  

The data presented herein represent a proof-of-concept study with an initial validation 

set of compounds and future improvement of the machine-learning model requires that 

we collect more data from this assay, covering as much as chemical space as possible. 

Another possibility is to use one instead of two time-points. With a better prediction 
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accuracy and a generally higher level of expression levels of germ layer markers at 

DIV7, future research is required to test whether it is feasible to omit the assay endpoint 

on DIV5. Furthermore, structural molecular analogues of known varying teratogenic 

potential will also be tested with the aim of establishing a threshold for the assay end-

points to distinguish between teratogen and non-teratogenic substances especially for 

the lowest effective concentrations.  

Finally, it is aimed to anchor the transcriptomic assay readouts to specific dysmorpho-

genic mechanisms with observable physiological phenotypes for each germ layer, 

since chemicals may also trigger transcriptome changes that are not directly related to 

altered differentiation patterns or post-translational modifications (69,137). In terms of 

applicability and toxicological assessment, it is important that future validation studies 

should moreover include a supplementary concept of reliable assay documentation 

according to standardized guidelines for test methods (e.g., OECD guidance document 

GD211, ToxTemp). This involves all detailed information about e.g., the test purpose, 

the test system, the acceptance criteria that were applied, an exposure scheme, all 

uncertainties, the defined endpoint as well as a precise description of the prediction 

model, etc. (138).  

There is still some doubt over how to qualify human-based in vitro teratogenicity tests 

for use in regulatory safety testing. Because there are so few teratogens for which 

sufficient human data are available, it is hard to demonstrate the superiority of human-

based tests over rodent-based in vivo tests (31,139,140). Therefore, cross-validation 

of this model with in vitro and in vivo study data needs to be further explored. The 

relationship between in vitro assay concentration and in vivo plasma exposure will also 

need to be established (87,141). We envisage that in the early stages of pharmaceu-

tical development, assay concentrations will be compared with the effective pharma-

cological concentration, as determined in cell-based assays or animal models. Then, 

as pharmaceutical development continues, the predictive power of the assay for the 

selected candidate(s) will be optimized by substituting actual human exposure data 

into the prediction formula as they become available. Furthermore, a bioanalytical 

characterization of effective intracellular concentrations is necessary to explain de-

tailed compound distribution within the test system. The in vitro model would also re-

veal toxicological processes better if it was combined with data on active metabolism 
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or a trans-placental barrier transfer (75,142). While our model successfully recapitu-

lated temporal gene regulation in the three germ layers of the developing embryoid 

bodies (55,143), it lacks the spatial organization and gene patterning of a developing 

embryo (3,57,144), which should be considered in subsequent models. Additionally, 

multi–omics analysis, like proteomics or metabolomics data would also complement 

the overall picture of physiological pathways in this system beyond morphogenic ef-

fects (52,145). 

2.1.6. Conclusion 

Our concept study demonstrated the successful implementation of a standardized hu-

man iPSC-based in vitro model. We have not only shown the differential gene expres-

sion (DGE) effects of human teratogens like thalidomide, valproic acid, methotrexate 

and all-trans-retinoic acid, but also the background effects of negative reference com-

pounds like ascorbic acid, DMSO or penicillin. We also generated genomic readouts 

for ibuprofen and hydroxyurea, for which human teratogenicity potential is less clear-

cut. To show the general applicability of our method to pharmaceutical candidate test-

ing, we trained a basic SVM model with the 19 most relevant developmental markers 

to predict teratogenicity based on DGE data. As the next step, the model will need to 

be qualified with many more compounds, which should also permit further optimization 

of the machine learning prediction model. 
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2.1.9. Supplementary Files 

 

 

Supplementary Figure S1.1: Chromosome analysis (Karyogram) of G-banding from undifferenti-

ated hiPSC. 

The Cytogenetic analysis was performed on twenty G-banded metaphase hiPSC at passage 9, where 

it shows a normal female Karyotype and no clonal abnormalities were detected at the stated band level 

of resolution. All cytogenetic analyses were carried out by WiCell, MA (USA). 
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Supplementary Figure S2.1: Embryoid Body morphology and size. 

Undifferentiated hiPSC (passage 7) were plated on 96-well Elplasia™ microwell plates with a cell density 

of ~120,000 cells per well to form embryoid bodies. After five days, EBs were imaged across the plate 

at a 5-fold magnification in a phase contrast image, taken with the Opera Phenix™ high content imaging 

system (Perkin Elmer). For size determination, the diameter of ~100 EBs was measured by automated 

image analysis of the Opera Phenix Harmony™ software and revealed a median size of 186 µm per EB. 
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Supplementary Figure S3.1: Pluripotency marker expression of undifferentiated hiPSC. 

Undifferentiated hiPSC (passage 7) were plated on Geltrex™ coated 24-well plates with a cell density of 

~18,000 cells per well. After three days, the cells were fixed with 4% paraformaldehyde, permeabilized 

with 0.5% Triton-X 100 and blocked with 3% bovine serum albumin for 15 min at the room temperature 

(image-iT™ staining kit from Thermo Fisher Scientific). Primary antibody labeling was done with rabbit 

anti-OCT3/4 (Invitrogen) and mouse anti-TRA-1-60 (Invitrogen) and imaged at a 20-fold magnification 

for the two pluripotency markers. In addition, nuclei were labeled with HOECHST 33342 and a phase 

contrast image was taken from the same field.  
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Supplementary Figure S4.1: Initial germ layer gene expression levels of undifferentiated hiPSC 

DIV0 

The RNA of 106 undifferentiated hiPSC per sample was isolated and ~1.0 µg cDNA of the samples was 

analyzed with the 384wTaqMan™ hPSC ScoreCard qPCR panel to confirm sufficient initial pluripotency 

of the cells. The colors of all ectodermal, endodermal, mesendodermal, mesodermal and self-renewal 

marker genes in the heat map correlate to the fold changes in expression of the indicated genes relative 

to a given reference set of 23 undifferentiated hiPSC clones (described in Tsankov et al., 2015). The 

range of lineage scores for the undifferentiated reference set is indicated by the gray boxplots. Samples 

scores of four undifferentiated hiPSC samples are plotted in color (n=4).  
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Supplementary Figure S5.1: Kinetics of trilineage differentiation of developing embryoid bodies. 

Samples of ~1.000 pooled developing embryoid bodies (n=3) from DIV0, DIV3, DIV5, DIV7 and DIV10 

were analyzed by 384wTaqMan™ hPSC ScoreCard qPCR and their fold changes were compared to 

expression levels from 23 undifferentiated reference controls. All samples showed an average gradual 

increase of ecto-, endo- and mesodermal gene expression during the EB development. In parallel, plu-

ripotency marker expression gradually decreased over time. At DIV5, mean expression of marker genes 

indicative of all three germ layers (EC, EN, MS) already showed significant increases (p-values <0.05, 

ANOVA test) in comparison to the undifferentiated controls. The trend continued up to DIV10, with suf-

ficient expression levels, all higher than 2-fold change compared to reference controls. In general, the 

EBs showed remarkable proficiency to differentiate spontaneously into all three germ layers. These 

changes are consistent with early embryonal development. Graphs show mean fold changes over the 

time from three independent experiments (n=3)  
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Supplementary Figure S6.1: Mean Ct value distribution across all compound treatment assays.  

The histogram shows the distribution of mean Ct values from all samples measured by 384wTaqMan™ 

hPSC ScoreCard qPCR on DIV5 and DIV7 after differentiation (mean of 3 biological replicates per com-

pound concentration). The data shows a mean Ct over all compound treatment experiments by 

32.8±4xSD. Two samples with Ct higher than 38 have been excluded (Thalidomide_DIV5_100uM_n3 

and Ascorbic_Acid_DIV7_1000uM_n1). 
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Supplementary Figures S7.1: Relative expression levels of regulated genes on DIV5 and DIV7. 

Visualization of relative gene expression levels from regulated genes on DIV5 or DIV7 for Ascorbic Acid, 

Ibuprofen, Penicillin G, Hydroxyurea, Thalidomide, Valproic Acid, all-trans-Retinoic Acid and Methotrex-

ate. The Colors represent the fold change (blue = downregulated, red = upregulated) of the genes in the 

corresponding concentrations from low (Conc. 1) to high (Conc. 6) of the respective compound treatment 

(Tab. 1.1). 
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2.2.1. Abstract 

Teratogenicity poses severe threats to patient safety. Stem-cell-based in vitro systems 

are promising tools to predict human teratogenicity. However, current in vitro assays 

are limited because they either capture effects on a certain germ layer, or focus on a 

subset of predictive markers. Here we report the characterization and critical assess-

ment of Tera-Tox, a newly developed multi-lineage differentiation assay using 3D hu-

man induced pluripotent stem cells. TeraTox probes stem-cell derived embryoid bodies 

with two endpoints, one quantifying cytotoxicity and the other inferring the teratogenic-

ity potential with gene expression as a molecular phenotypic readout. To derive tera-

togenicity potential from gene expression profiles, we applied both unsupervised ma-

chine-learning tools including factor analysis and supervised tools including 

classification and regression. To identify the best predictive model for the teratogenicity 

potential that is explainable, we systematically tested 64 machine-learning model ar-

chitectures and identified the optimal model, which uses expression of 77 representa-

tive germ-layer genes, summarized by 10 latent germ-layer factors, as input for ran-

dom-forest regression. We combined measured cytotoxicity and inferred teratogenicity 

potential to predict concentration-dependent teratogenicity profiles of 33 approved 

pharmaceuticals and 12 proprietary drug candidates with known in vivo data. Com-

pared with the mouse embryonic stem cell test, which has been in routine use for more 

than a decade, the TeraTox assay shows higher sensitivity, particularly towards tera-

togens impairing ectodermal development or stem-cell renewal, and a more balanced 

prediction performance. We envision that further refinement and development of Ter-

aTox has the potential to reduce and replace animal research in drug discovery and to 

improve preclinical assessment of teratogenicity. 

 

 

 

Keywords: teratogenicity, molecular phenotyping, mEST, TeraTox, stem cells, embry-

oid bodies, machine learning  
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2.2.2. Introduction 

Teratogenicity, the ability of a chemical to cause defects in a developing fetus, has 

gained wide and continuous attention since the thalidomide tragedy in the 1960s (16). 

To assess the teratogenic potential of drug candidates, pharmaceutical companies 

must perform embryo-fetal-development studies (EFD studies hereafter) in at least one 

rodent and one non-rodent species (29,146). There is an urgent need to develop alter-

native, humanized in vitro assays for early assessment of teratogenicity, because they 

can potentially better mimic human physiology, reduce animal use in drug discovery, 

and lower the attrition rate of drug development by filtering out potential teratogens 

early (29,31,105). The current industrial standard in vitro assay for teratogenicity as-

sessment is the mouse embryonic stem cell test (mEST). It measures both the differ-

entiation of embryoid bodies (EB) derived from D3 mouse embryonic stem cells 

(mESC) by quantifying beating cardiac tissue, and the cytotoxicity in both mouse D3 

ESCs as well as mouse 3T3 fibroblasts (42,43,147). The mEST assay offers several 

advantages compared with other assays, including the zebrafish model (40,77) and 

other stem-cell-based in vitro models (50,72,79,129,148-151). It uses two well-charac-

terized, stable cell lines as the biological model that recapitulates early embryogenesis 

and no animal experiments are required. The cells are easy to acquire and handle. 

The protocol is well established and the assay is widely adopted. Importantly, the as-

say was validated by the European Centre for the Validation of Alternative Methods 

(41-43,152,153), and therefore accepted by many laboratories. 

However, the mEST assay has both conceptual and practical limitations as a predictive 

model of human teratogenicity. First, it uses murine cells, which fail to recapitulate 

human teratogenicity for some chemical classes, for instance phthalimide-based mol-

ecules including thalidomide (154). Second, because the stem cells are differentiated 

into cardiomyocytes, the assay preferentially quantifies impairment of mesodermal 

germ-layer development. Third, the EB differentiation is a lengthy process of ten days 

and the manual counting of beating cardiomyocytes is both time-consuming and error-

prone, which limits the throughput of the assay. Finally, and critically, the predictive 

algorithm relies on ID50, the concentration at which half of the maximal inhibition of 

differentiation is achieved. For strong cytotoxic compounds, it is common that IC50, the 

concentration at which half of the maximal cytotoxicity is observed, coincides closely 

with ID50, which can cause false-negative predictions. Since the assay is used to pre-
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select developmental compounds prior to regulatory EFD studies, misclassifications 

necessitate unnecessary animal use in EFD studies and, in case the teratogenicity is 

specific to humans, may pose severe threats for patient safety. Given the limitations of 

the mEST assay, we developed a new, humanized in vitro teratogenicity assay. The 

new assay, which we call TeraTox, uses ethically non-restricted human induced plu-

ripotent stem cells (hiPSC). The cells form three-dimensional embryoid bodies (EBs) 

and differentiate spontaneously into all three germ layers – ectoderm, mesoderm, and 

endoderm – with expression of representative developmental markers of each layer. 

We previously documented the technical details of the assay and demonstrated its 

feasibility with four teratogens and four non-teratogens (155). However, a systematic 

assessment of its performance using a larger compound set had not been conducted 

and the prediction algorithm not been developed yet.  

To fill these gaps, here we describe the optimization and critical assessment of the 

TeraTox assay and the setup of a predictive model for human teratogenicity evaluation. 

We compiled a panel of 45 drug-like molecules with known teratogenicity profiles and 

tested them in six-point concentration response, generating the largest published da-

taset so far in a single study about in vitro modelling of teratogenicity with reference to 

clinical/ animal in vivo data. Because both the cell amount and the workload required 

by digital PCR would be prohibitive, we adapted Molecular Phenotyping, a technology 

based on amplicon-based RNA sequencing, to quantify expression of germ-layer 

genes. Using gene expression data as input, we built machine-learning models with 

varying architectures and identified the best-performing model using factor analysis 

and random-forest regression. Using a leave-one-out training-testing strategy, we clas-

sified the 45 compounds as either teratogenic or non-teratogenic, while considering 

both concentration-dependent cytotoxicity and teratogenicity potential. We found that 

TeraTox features a lower specificity but outperforms mEST with regard to sensitivity 

and balanced prediction considering precision and sensitivity. Finally, we augmented 

the model with biological and pharmacological interpretations as well as simulation 

studies that explain how it works. In summary, our assessment highlights both the ad-

vantage of TeraTox over the standard mEST assay for preclinical teratogenicity as-

sessment and suggests directions of its future development.   
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2.2.3. Material and Methods 

2.2.3.1. Human iPSC derived TeraTox Assay 

The TeraTox assay is built upon commercially available human induced pluripotent 

stem cells (hiPSC, Gibco, A18945) with indistinguishable gene expression profiles 

compared with embryonic stem cells (150,156). The cells form 3D EBs and undergo 

multi-lineage differentiation into all three germ layers (155). Prior to the assay, the 

hiPSC were tested with the TaqMan ScoreCard assay (Thermo Fisher) to confirm suf-

ficient levels of pluripotency (74). The EBs were spontaneously differentiated and 

treated with several reference substances over a time course of seven days in Elplasia 

96w micro-well plates (Corning, 4442) using the ViaFlo 96 automated microplate pi-

petting device (Integra) for liquid handling. Compounds were applied to the EBs on day 

0, day 3 and day 5 at six concentrations, together with EB medium and 0.25% DMSO 

solvent controls as the negative reference. Cell viability was determined on day 7 by 

measuring ATP release in supernatants with the CellTiter-Glo 3D assay (Promega, 

G9681) to pre-specify appropriate testing ranges. All cell culture media and reagents 

were obtained from Gibco (Thermo Fisher) unless otherwise specified. The overall cell 

culture and cytotoxicity protocol was previously described in detail by Jaklin et al., 2020 

(155). 

Targeted gene expression profiling was performed with the molecular phenotyping 

platform that we developed previously (157-159). In total, 1,055 samples of differenti-

ated EBs were lysed after 7 days of differentiation in 350 μl MagNA Pure LC RNA 

Buffer (Roche Diagnostics) and purified by using the automated MagNA Pure 96 sys-

tem (Roche Diagnostics). The total RNA was quantified using the Qubit RNA Assay Kit 

(Thermo Fisher) on the Fluorometer Glomax (Promega). Total RNA with a maximum 

of 10 ng from each biological replicate was reverse transcribed to cDNA using Super-

script IV Vilo (Thermo Fisher). Libraries were generated with the AmpliSeq Library Plus 

Kit (Illumina) according to the reference guide. Pipetting steps for target amplification, 

primer digestion, and adapter ligation were done with the mosquito automatic pipettor 

(SPT Labtech) in miniaturization. For the purifications before and after final library am-

plification, solid phase reversible immobilization magnetic bead purification (Clean 

NGS, LABGENE Scientific SA) was performed on the multidrop automated pipetting 

station (Thermo Fisher).  
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We measured both amplicon sizes and cDNA concentrations using an Agilent High 

Sensitivity DNA Kit (Agilent Technologies) according to the manufacturer’s recommen-

dation. Prior to sequencing, cDNA contents of the samples were normalized and 

pooled to 2 nM final concentration on Biomek FXP workstation. The libraries were se-

quenced on the NovaSeq 6000 Instrument (Illumina) with the sequencing-by-synthesis 

technology. All the 75 cycles ended up with a minimum of 2 Mio sequencing reads per 

sample for analysis. We used molecular phenotyping with 1,215 detectable pathway 

reporter genes including a subset of 87 early developmental markers (germ-layer 

genes, Suppl. Tab. S3.2) and genes representative of toxicological pathways to identify 

differentially expressed genes induced by the compounds at pre-specified concentra-

tion levels (74,89). 

2.2.3.2. Mouse Embryonic Stem Cell Test 

The protocol of the mEST was adapted from the original publication from Genschow 

et al., 2004 (42) into an industry compliant format (43). We used the pluripotent mouse 

embryonic stem cell line ES-D3 (ATCC, CRL-1934) and the somatic mouse 3T3 fibro-

blast line (Balb/c 3T3 cell clone A31 from ATCC, CCL-163). Most manual steps of the 

assay, such as cell seeding, dilution and addition of compounds, centrifugation and 

incubation of the EBs, are standardized and automated to gain reproducible data (160). 

The only non-automated assay procedures are cell maintenance and the manual count 

of beating cardiomyocytes.  

The mEST assay is performed in two steps. First, the MTT cytotoxicity assay (3-(4,5-

Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide) is conducted with both differen-

tiated 3T3 fibroblasts and pluripotent D3 ESCs in monolayer cultures. Second, EBs 

derived from D3 ESCs are differentiated into cardiomyocytes over a total time course 

of 10 days, with compound treatment in six different concentrations on day 4 and day 

7. The endpoints measured are the concentration at which 50% inhibition of growth of 

3T3 (IC50 3T3) and D3 cells (IC50 D3) is achieved, and the concentration at which 50% 

inhibition of differentiation into cardiomyocytes (ID50 D3) is achieved, compared to 

DMSO solvent controls, respectively (Suppl. Fig. S1.2a). 

A modified discriminant function analysis was used to classify the test chemicals into 

two groups based on the calculated predictive score (PS) for low potential of terato-

genicity (negative, PS <0.6) and high potential of teratogenicity (positive, PS ≥0.6).  
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A possible prediction result is ‘borderline’, if calculated predictive scores are below the 

cut-off of 0.6 but above 0.5. Inconclusive results are also possible, for example, if sol-

ubility limits the concentration ranges tested to an extent that no IC50 or ID50 values 

can be reliably determined for one or more concentration response curves (Suppl. Fig. 

S1.2b). 

2.2.3.3. Assessing the characteristics of differentiated hiPSC with BioQC 

We applied the BioQC software that we developed previously to characterize the iden-

tity of the differentiated samples across all treated compound concentrations (including 

vehicle controls) at the endpoint on day 7 (161). We used raw data of gene expression 

derived from molecular phenotyping and compared these profiles with tissue-preferen-

tial gene signatures derived from organ, tissue, and cell-type-specific gene expression 

data collected from public compendia (162,163). The BioQC performs Wilcoxon-Mann-

Whitney tests comparing expression of genes in a set, for instance genes preferentially 

expressed in one tissue, versus genes that are not in the set. The enrichment scores 

(log-10 transformed P-values) reported by BioQC are used to assess the similarity be-

tween the expression profile of interest and cell-type- and tissue-specific expression 

profiles. 

2.2.3.4. Analysis and modelling of the TeraTox data 

We performed differential gene expression analysis comparing compound-treated 

samples with DMSO controls using the generalized linear model implemented in the 

edgeR package in R/Bioconductor (164). To generate features for machine-learning 

models, we transformed the P-values associated with the coefficients of compound 

treatment to z-scores by the inverse of the quantile function of Gaussian distribution, 

given by the sign of log2 fold-change (logFC). The vectors of z-scores of all genes 

(N=1,215) were used as raw features for machine-learning models, based on which 

further feature selection and engineering work was performed.  

We also tested the possibility of using the effect size, logFC, as features. However, we 

found that using z-scores as features delivered better generalizability between training 

and testing datasets. Therefore, we report the performance of models using z-scores 

unless otherwise specified. 
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Besides the raw feature set of z-scores of all genes, we used three knowledge- and 

data-driven approaches to engineer the features in order to improve the performance 

of the machine-learning algorithms. First, we confined ourselves to the subset of germ-

layer genes, because our and other’s work confirmed that their expression is specific 

to germ layers of embryogenesis, and their expression is modulated by teratogenic 

compounds (Suppl. Tab. S3.2) (73,74,89,155). Second, we used the germ-layer asso-

ciations reported by Tsankov et al. to derive a reduced feature set defined by five germ-

layer classes, including both germ layers (ectoderm, endoderm, mesoderm, mesendo-

derm) and pluripotency, by taking the median z-scores of germ-layer genes associated 

with each germ-layer class (74). Finally, we used factor analysis, a dimension-reduc-

tion approach that derives latent variables from the correlation structure of observed 

variables, to identify latent biological, germ-layer factors (germ-layer factors for short), 

which reflect linear combinations of transcription factors, epigenetics, and other gene 

regulatory mechanisms that control embryogenesis.  

We predicted the teratogenicity potential in two ways. One way was to treat teratogen-

icity as a binary variable and to perform binary classification. The other way was to 

convert concentration-response teratogenicity into numeric metrics and to construct 

regression models. For the latter case, we defined a compound-specific Teratogenicity 

Score (TS hereafter). For non-teratogens, the TS was defined as 0 independent of the 

tested concentration. For teratogens, the TS was defined as the 0-1-bounded cosine 

similarity between the differential expression profile induced by a particular concentra-

tion of a certain compound and the differential expression profile induced by the high-

est non-cytotoxic concentration of the same compound.  

The non-cytotoxic concentration was determined by the highest concentration that we 

tested which is associated with an average variability equal or larger than 80%. 

The models were trained and validated using the Leave-One-Out (LOO) scheme. We 

iterated over all compounds, leaving one compound out at a time and using the re-

maining compounds to build machine-learning models. Then we compared teratogen-

icity scores predicted by the models with the observation of the left-out compound with 

the Spearman correlation coefficient.  
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As an alternative to LOO, we also tested repeated 80%/ 20% splitting of data into train-

ing sets and test sets. However, this cannot be used to predict teratogenic scores for 

any particular compound without using its data in both training and testing sets. There-

fore, we report only results derived from the LOO scheme unless otherwise stated. 

In short, we considered two types of features (z-scores and logFC), four sets of fea-

tures (all genes, germ-layer genes, median z-scores or logFC of germ-layer classes 

defined by Tsankov et al., and median z-scores or logFC of germ-layer factors defined 

by factor analysis), two methods (linear regression with elastic net regularization and 

random forest, implemented in the caret package, version 6.0-88), two types of target 

variables (binary classification and regression), and two training/testing schemes (LOO 

and 80%/ 20% splitting). We tested all combinations exhaustively to build machine-

learning models for teratogenicity scores and identified the best-performing models. 

Besides predicting teratogenicity scores, we also comprehensively probed all options 

to build regression models for cytotoxicity (100%-viability), which was measured as 

part of the TeraTox assay. The same set of model architectures was tested, however 

the combinations giving best performing models differ from that for teratogenicity 

scores (further discussed in results). 

All data analysis was performed with R (version 4.0.1) or Python (version 3.8.1) unless 

otherwise specified. 
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2.2.3.5. Test Chemicals for validation 

In total we tested 27 positive and 18 negative reference substances in six-point con-

centrations in the mEST and the human TeraTox assay (Tab. 1.2). This compound 

panel consisted of both commercial and developmental pharmaceuticals with known 

teratogenicity profiles available from either human evidence-based information, where 

unambiguous warnings have been found and use during pregnancy is explicitly con-

traindicated by the FDA, or from in vivo EFD studies in rats and/ or rabbits (29,165-

176). Compounds without existing human or in vivo animal data were classified as 

teratogens based on known teratogenic risks associated with their mode of action 

(23,81,151,177-182). Some compounds have been taken by cohorts of pregnant 

women and did not lead to any observed increase in the frequency of malformations 

during early pregnancy. We considered these drugs as non-teratogenic in humans, at 

least in the physiologically relevant concentrations of exposure (95,117,183-197) 

(Suppl. Tab. S1.2).  

The commercial compounds were obtained from Merck, Germany. We also included 

12 developmental small molecules RO-1 to RO-12 provided by F. Hoffmann – La 

Roche, Switzerland (compound structures are not disclosed due to confidentiality and 

intellectual property reasons). Those compounds have unknown human teratogenicity 

profiles, but in vivo data are available from EFD studies performed either in rats, or in 

rabbits, or in both (Suppl. Tab. S2.2).  

We assigned RO-1, RO-3, RO-8, RO-9 and RO-10 due to the outcome of in vivo stud-

ies as positive teratogens, and RO-2, RO-4, RO-5, RO-6, RO-7, RO-11, RO-12 as non-

teratogens (198). All compounds were serially diluted in DMSO (0.25%) from a stock 

solution to six test concentrations.  

We used the following metrics to compare the performance of the TeraTox assay and 

that of the mEST assay. We calculated assay sensitivity as the proportion of correctly 

predicted teratogens. Assay specificity was calculated as the proportion of correctly 

predicted non-teratogens. Overall accuracy was taken as the proportion of all correct 

predictions, and F1 scores were calculated as the harmonic mean of precision and 

recall. True Positive, True Negative, False Positive, and False Negative are denoted 

with TP, TN, FP, and FN, respectively, and the metrics of performance are defined in 

Equations 1-5. 
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𝑅𝑒𝑐𝑎𝑙𝑙 (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)  =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (Eq. 1) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
   (Eq. 2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (Eq. 3) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
  (Eq. 4) 

𝐹1 =
2

1

𝑅𝑒𝑐𝑎𝑙𝑙
+

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

  (Eq. 5) 

 

Table 1.2: Set of teratogenic and non-teratogenic reference compounds used for assay valida-

tion. Classification based on FDA classification (Suppl. Tab S1.2) or in vivo EFD data (*Suppl. Tab. 

S2.2) and the applied test concentration range for the human and mouse in vitro assay. 

 

Reference  
Compound 

Teratogenicity 
Classification 

Test Concentrations 
(human model) [µM] 

Test Concentrations 
(mouse model) [µM] 

Acitretin Positive  0.08 – 2.5 0.004 – 100 

Amoxicillin Negative  6.25 – 200 39 – 2500 

Artesunate Positive  0.13 – 4 0.016 – 100 

Ascorbic Acid Negative  28 – 900 0.035 – 2000 

Bosentan Positive  4.7 – 150 7.8 – 500 

Busulfan Positive  0.13 – 4 0.6 – 500 

Carbamazepine Positive  9.4 – 300 11.7 – 750 

Cetirizine Negative  19 – 600 11.7 – 750 

Cyclopamine Positive  0.6 – 20 0.07 – 50 

Cyproheptadine Negative  0.9 – 30 0.3 – 250  

Dabrafenib Positive  0.06 – 2 0.1 – 100 

DAPT Positive  0.09 – 3 0.1 – 500 

Dasatinib Positive  0.6 – 20 0.3 – 20 

Dexamethasone Negative  9.4 – 300 0.3 – 1000 

Dorsomorphin Positive  0.4 – 14 0.04 – 50 

Doxycycline Negative  0.6 – 20 1.6 – 1500 

5-Fluorouracil Positive  0.08 – 0.25 0.02 – 20 

Hydroxyurea Positive  1.6 – 200 7.8 – 500 
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Ibuprofen Negative  2.9 – 1400 47 – 3000 

Isotretinoin Positive  9.3 – 300 0.0001 – 250 

Imatinib  Positive  3.1 – 100 0.8 – 50 

IWP-2 Positive  0.003 – 0.1 0.8 – 50 

Lazabemide Negative  3.1 – 100 0.6 – 400 

Metformin Negative  15.6 – 500 0.7 – 500 

Methotrexate  Positive  0.003 – 40 0.0001 – 1 

Misoprostol Positive  0.04 – 1.3 1.3 – 100 

Penicillin G Negative  4.7 – 600 31 – 2000 

Progesterone Negative  0.63 – 40 0.3 – 500 

Retinoic Acid Positive  0.0003 – 0.035 0.00016 – 350 

RO-1* Positive 3.1 – 100  3.1 – 300 

RO-2* Negative 15.6 – 500 0.3 – 250 

RO-3* Positive 9.4 – 300  3.9 – 500 

RO-4* Negative 6.3 – 200 3.9 – 500 

RO-5* Negative 1.6 – 50 0.07 – 50 

RO-6* Negative 12.5 – 400 0.0003 – 250 

RO-7* Negative 18.8 – 600 0.6 – 400 

RO-8* Positive 2.5 – 80 1.3 – 125 

RO-9* Positive 0.16 – 5 0.8 – 50 

RO-10* Positive 0.5 – 15 0.07 – 50 

RO-11* Negative 1.25 – 40 2.3 – 150 

RO-12* Negative 3.1 – 100  3.9 – 250 

SB431542 Positive  0.63 – 20 0.1 –100 

(±) Thalidomide Positive  0.001 – 0.5 125 – 2000 

Valproic Acid Positive  31.25 – 1000 47 –3000 

Warfarin Positive  1.9– 60 39– 2500 
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2.2.3.6. Model explainability and interpretation 

We used the Type I importance measure of features (mean decrease in accuracy) of 

random-forest models to compare the importance of germ-layer genes in the terato-

genicity model and in the cytotoxicity model.  

Pharmacology data of publicly available compounds were downloaded from ChEMBL 

(version 26). We only used human targets and affinities derived from high-quality dose-

response data. Binary distances were used to cluster the compounds by their pharma-

cological profiles.  

To construct a Bayesian network model of regulations between factors, we first discre-

tized differential gene expression data of the first six germ-layer factors into three levels 

using the Hartemink’s pairwise mutual information method implemented in the bnlearn 

package (199). We generated 1,000 bootstrap replicates using Hill Climbing, a score-

based learning algorithm, and the Bayesian Dirichlet equivalent (uniform) score (bde, 

with the imaginary sample size set to 10). Edges that persist in more than 85% boot-

strap samples are deemed as significant and reported. 

The beta regression model used for sensitivity analysis was built with the glmmTMB 

package (200). Scores outside the boundaries [0.01, 0.99] are set to the boundary 

values to allow beta regression. All ten factors and significant interaction terms identi-

fied in the Bayesian network were used as the model input, and compounds were 

modelled as random effects to capture between-concentration correlations. For better 

interpretability, input variables were scaled to 0 mean and standard deviation. Simula-

tion was performed using the ggeffects package (201).  
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2.2.4. Results 

2.2.4.1. Gene expression quantification by molecular phenotyping 

We previously described that differential expression of a set of 87 genes preferentially 

expressed in different germ layers (germ-layer genes hereafter), which both determine 

and reflect embryonic development, is in principle able to distinguish between terato-

genic and non-teratogenic compounds (74,155). To validate our findings, we compiled 

a large set of well-documented teratogens, partially with label information for drug-use, 

and non-teratogens that are challenging to predict and/or known to cause false-posi-

tives using animal studies (Suppl. Tab. S1.2, S2.2). The compounds cover a broad 

spectrum of chemical classes and a wide range of effective concentrations. This large 

compilation of compounds with solid clinical and animal data anchoring is a useful re-

source for further model development. 

We interrogated our human stem-cell model with the compilation of compounds, adapt-

ing the experimental workflow that we developed previously (Fig. 1.2a and 1.2b). We 

identified the assay throughput as a major challenge due to the high number of sam-

ples for gene expression profiling (>1,000). It would be particularly cost- and labor-

intensive if we use the digital PCR technique, established in our previous work to quan-

tify gene expression (155). To address this challenge, we used molecular phenotyping 

as alternative readout. Molecular phenotyping is an amplicon-based targeted sequenc-

ing approach, which delivered quantitative expression data of 1,215 detectable genes. 

Notably, all germ-layer specific genes used in our previous work were included. In this 

way, we were able to characterize both general pathway activity modulations and germ 

layer-specific changes as potential features associated with teratogenicity (157-159).  

We performed extensive quality control of the data. In particular, we addressed the 

questions whether results of molecular phenotyping are comparable to those of qRT-

PCR, and whether the hiPSC used show expected reproducibility based on their gene 

expression profile. We compared the differential expression profiles of germ-layer 

genes obtained by RT-qPCR in previous studies with newly generated data of molec-

ular phenotyping and observed highly similar results (Pearson correlation coefficient 

R=0.9, p<2.2E16) (Fig. 1.2c). This suggests that targeted RNA sequencing with mo-

lecular phenotyping delivers highly comparable results, at least for germ-layer genes. 

The comparison is not feasible for other pathway reporter genes because they were 

not quantified by digital RT-qPCR. 
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A unique advantage of quantifying pathway reporter genes along with germ-layer 

genes is that we can use them to assess cell-type-specific gene expression patterns. 

To this end, we applied BioQC analysis, a method that we developed to identify sample 

heterogeneity and tissue comparability using gene sets preferentially expressed in 

cells and tissues (161). We observed that the expression profiles of the cells used in 

the TeraTox assay at day 7 resemble a mix of those gene signatures specific for as-

trocytes, epithelial cells, and iPSC derived neurons (Fig. 1.2d). It suggests that the 

hiPSC used for the assay shows a preferred differentiation propensity into the neu-

roectodermal lineage, which is in agreement with previous time-series gene expression 

studies that demonstrated pronounced expression of ectodermal markers at day 7, 

followed by meso- and endodermal expression (74,155).  
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Figure 1.2: The human TeraTox assay: workflow and quality control.  

(a) Workflow of the human TeraTox assay: cell culture and compound testing. To start, human induced 

pluripotent stem cells (hiPSC) are seeded at a density of 120.000 cells per well in 96-well microwell 

plates. They form homogenous embryoid bodies (EBs) which are spontaneously differentiated over 

7 days. Compounds are added as six-point concentration range on day 0, day 3 and day 5. Single 

wells containing about 70 differentiated EBs are lysed to generate one sample for the viability assay 

and gene expression profiling. 

(b) Workflow continued: cell viability and gene expression profiling. After 7 days of spontaneous EB 

differentiation, cell viability of EBs is determined by ATP release with the luminescent CellTiter-Glo 

assay, and normalized to DMSO controls by setting the average of latter to 100%. Gene expression 

was determined with molecular phenotyping by targeted RNA sequencing. We derive differential 

expression profiles (vectors of z-scores) of germ-layer genes induced by compounds with linear 

models comparing with DMSO, and summarize them by the profiles of 10 germ-layer factors that we 

identified with factor analysis (further detailed in Fig. 2.2). Median z-scores of genes belonging to 

each germ-layer factor are used as the input for a random-forest regression model to predict terato-

genicity scores (further detailed in Fig. 3.2). Concentration-response curves of both cell viability and 

teratogenicity scores are generated and a TeraTox Score per compound is calculated to predict its 

teratogenicity potential (further detailed in Fig. 4.2). 

(c) Differential gene expression derived from molecular phenotyping in TeraTox is highly correlated with 

differential gene expression derived from the gold-standard RT-PCR assay. The scatter plot shows 

differential expression (logFC: log2 fold-change) of germ-layer genes derived from targeted RNA 

sequencing with the molecular phenotyping platform, analyzed by the edgeR method, in x-axis, and 

differential gene expression quantified with RT-qPCR, analyzed by the ddCt method (25), in y-axis. 

Each dot represents a gene. Samples shown are independent biological replicates treated with iden-

tical compounds and concentrations, and median values of technical replicates are used for plotting. 

Colors indicate compounds that were tested with both techniques. Solid lines indicate x=0, y=0, and 

y=x, respectively. R gives the Spearman correlation coefficient between the two sets of measure-

ments across compounds, and the P-value reports the probability that the null hypothesis (no corre-

lation between the two measurements) is rejected wrongly.  

(d) Gene expression profiles of hiPSC used in the TeraTox assay demonstrate their biological identity. 

We applied BioQC analysis to raw gene expression data from all 1,055 samples. BioQC identifies 

enrichment of characteristic expression signatures from tissues, organs, and cell types to assess 

sample-specific constitution. The gene-sets are derived from large gene expression compendia. 

BioQC scores are absolute log10 transformed p-values of the Wilcoxon-Mann-Whitney test. The 

larger the score, the more enriched is the expression of the set of genes of interest i.e., the expres-

sion of genes in the set are higher than genes that are not in the set. Each dot represents one sample. 

Violins indicate the distributions of the BioQC scores of each gene set, respectively, with vertical 

lines indicate median values.  
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2.2.4.2. Unsupervised learning from gene expression data with factor analysis 

Before applying supervised learning techniques to differentiate teratogens from non-

teratogens, we applied several unsupervised learning algorithms to analyze the gene 

expression data, including principal component analysis (PCA) and factor analysis. 

PCA revealed experimental plate effects that we could successfully correct with linear 

regression models for differential gene expression (data not shown). Unexpectedly, 

factor analysis revealed both biological insights and, as further discussed below, a 

feature engineering technique that contributed to the best-performing model. Since this 

is the first time to our knowledge that factor analysis is applied in the context of gene-

expression-based toxicity prediction, we highlight its concepts and unique advantages.  

Factor analysis, sometimes called exploratory factor analysis to differentiate it from 

confirmatory factor analysis, is a statistical method to discover latent (unobserved) var-

iables that account for the correlations observed between features. Useful for both di-

mension reduction and feature engineering, factor analysis has been particularly pow-

erful in building predictive machine-learning models in biology using highly correlated 

features such as cell morphology in the context of high-content screening 

(162,163,202,203). With respect to gene expression, factor analysis reduces the data 

dimension from genes to factors, each of which is usually associated with multiple 

genes. Genes in each factor show correlated gene expression profiles across samples 

(Fig. 2.2a, b). These factors, therefore, can be thought of as being a representation of 

all biological processes influencing gene expression, for instance epigenetic profiles, 

transcription factor activities, microRNA abundances, etc. Despite the fact that most of 

these variables are not directly observable, latent factor analysis offers a possibility to 

infer their total contribution to detected variation in gene expression profiles. 

Conceptually, factor analysis is familiar with other correlation-based methods, for in-

stance Relevance Networks (204) and Weighted Correlation Network Analysis 

(WGCNA) (205). We preferred factor analysis to alternative methods because factor 

analysis does not make any additional assumptions than the common, minimum ones 

underlying correlation analyzes (homogeneity, completeness, etc.), whereas other 

methods do so, for instance the scale-free network structure assumed by WGCNA, 

whereas this assumption is often challenged (206,207). On the other hand, we have 

many more samples than the number of factors. Factor analysis is feasible with the 
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maximum-likelihood method. We therefore decided to use factor analysis following the 

principle of Occam’s Razor. 

We applied factor analysis to raw gene expression data and identified intriguing pat-

terns. Since factor analysis is based on inter-gene correlations, we visualized the cor-

relation matrix of germ-layer genes in Figure 2.2a (the full matrix is visualized in Suppl. 

Fig. S2.2a). Genes that strongly correlate with each other form clusters, which corre-

spond to latent factors.  

Despite that, factor analysis is a correlation-based statistical method in which we in-

jected no prior knowledge, it revealed biologically meaningful patterns. Using the max-

imum likelihood method, we decomposed the covariance matrix of gene expression 

into factors. The heatmap in Figure 2.2b shows loadings, i.e. how strong factors influ-

ence the expression of germ-layer genes, of the first ten factors that collectively explain 

more than 70% of the covariance (Suppl. Fig. S2.2b and S2.2c). Left to the heatmap 

we use colors to indicate germ-layer classes that were distilled from biological 

knowledge. We found that the first six factors (ranked by explained covariance of the 

data) are significantly enriched with signatures of individual germ layers or signatures 

of stem-cell self-renewal (Fig. 2.2c, p<0.01, Fisher’s exact test). This significant enrich-

ment is both intriguing and novel, because while it is established that germ-layer genes 

are highly expressed at different stages of embryogenesis, we failed to find any previ-

ous studies reporting that their expression are strongly correlated in 3D embryoid bod-

ies formed by hiPSC, with or without compound treatment. Given that the cells used in 

TeraTox are cultured up to day 7, it is unlikely that the correlations are caused by 

temporal changes of embryogenesis. Instead, factor analysis suggests that besides 

being correlated across time in development, expression of germ-layer genes is also 

correlated across treatment conditions in 7-day spontaneously differentiated EBs. 

Detailed analysis of the results from the factor analysis revealed more insights. The 

strongest correlation of the germ-layer genes was observed among genes in Factor 1, 

many of which are markers of the ectodermal layer, e.g., WNT1, POU4F1, OLFM3, 

CDH9, LMX1A, DMBX1, PAX3, MAP2, and TRPM8 (Fig. 2.2a).  

While BioQC analysis revealed that ectodermal genes are highly expressed at the end-

point on day 7, factor analysis further indicated that their expression is strongly corre-

lated across conditions, too, which is neither sufficient nor necessary for their high 
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expression. Factors 2-6 mainly consist of genes representing the mesodermal layer 

(Factor 2), stem-cell self-renewal (Factor 3), and the endoderm layer (Factor 4-6), re-

spectively. The remaining factors (Factor 7-10) are of smaller sizes and more hetero-

geneous (Fig. 2.2b). Genes associated with each factor are associated mainly, but not 

exclusively, with other genes of the same germ-layer class.  
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Figure 2.2: Identification of latent factors that are associated with germ layers.  

(a) Germ-layer genes correlate with each other and form clusters. The heatmap represents Pearson 

correlation coefficients of gene expression in all samples, including both vehicle controls and treated 

samples. Each row and each column represent a gene and the matrix is symmetric. Labels are shown 

for representative genes from each cluster of strongly correlated genes (the full matrix is shown in 

Suppl. Fig. S2.2a). To assist interpretation of the latent germ-layer factors, genes are split by them. 

Magenta colors represent strong positive correlations between genes, yellow colors represent strong 

negative correlations, and black colors represent little correlation. 

(b) Loadings of germ-layer factors. The heatmap shows loadings of latent factors on the germ-layer 

genes. A loading equal to or near 1 indicates that the factor strongly influences the gene. A loading 

near 0 means that the factor has little effect on the gene. And a loading equal to or near -1 indicates 

that the factor negatively influences the gene. Each row contains a germ-layer gene, and each col-

umn contains a factor. The rows are ordered so that the genes that are ordered by the factors are 

impacted most, which is visible from the patterns of cascades. Though no prior biological knowledge 

was used in the analysis, we noticed that the factor loadings partially resembled the clustering of 

genes defined by germ-layer classes, which are illustrated in the row-side color to the left of the 

figure. Based on this reason, we called the factors germ-layer factors. We considered 77 out of 87 

germ-layer genes for germ-layer factors because the remaining 10 genes were negatively influenced 

by germ-layer factors (bottom rows in the heatmap), and therefore it does not make sense averaging 

their expression with other genes that are positively influenced. For readability, we showed repre-

sentative genes from the first six clusters here while displaying the full matrix in Suppl. Fig. S2.2c. 

(c) Germ-layer factors are not equivalent to, but significantly associated with, germ-layer classes. The 

heatmap visualizes the number of genes shared by each pair of germ-layer classes (in rows) and 

germ-layer factors (in columns). 
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2.2.4.3. Training and testing of a predictive model for the TeraTox assay 

To build a quantitative predictive model of concentration-dependent teratogenicity po-

tential with gene expression as input, we explored all combinations of the following 

options in detail (Fig. 3.2a): 

1. Feature type: We tested both log2 fold change (logFC), the point-estimate of the 

effect size, and z-scores transformed from the sign of logFC and p-value reported 

by the edgeR model, which considers both effect size and variance of differential 

gene expression. 

2. Feature engineering: We used all detectable pathway reporter genes (N=1,215), 

detectable germ-layer genes (N=87), germ-layer classes defined by Tsankov et al. 

(N=7), and germ-layer factors derived from factor analysis (N=10). In case of both 

germ-layer classes and factors, we used the median value of the genes belonging 

to each group as the engineered feature. 

3. Model construction: We used and benchmarked two methods of different nature, 

Elastic Net (linear regression with regularization) and Random Forest (ensemble 

decision trees), to construct machine-learning models. We chose them based on 

the size of the dataset and the relatively good explainability of both methods (59). 

4. Target variable: We used both binary classification (teratogen or non-teratogen) 

and regression (the teratogenicity score, defined below and further detailed in the 

Material and Methods section) for teratogenicity and regression alone for cytotox-

icity. 

5. Data splitting: we tried both repeated splitting of 80% training and 20% test set, 

and the leave-one-out (LOO) scheme. In the first case, we used 80% compounds 

(stratified sampling from non-teratogens and teratogens) as the training set to train 

a model, which was used to predict the teratogenicity scores using the remaining 

20% compounds as the test set. In the latter case, all except one compound were 

used to train the model, which predicts the teratogenicity scores for the left-out 

compound, and repeated the procedure for all compounds so that teratogenicity 

scores were predicted for each compound based on data from other compounds. 

In either case, the model performance was assessed by F1 scores in case of binary 

classification models, and Spearman correlation coefficients of teratogenicity 

scores for teratogens in case of regression models. The best model parameters 

were searched by 10-fold cross-validations of the training set.  
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While all other technical terms are used in their common sense, we explain the moti-

vation and definition of the Teratogenicity Score in detail. A key challenge for building 

a predictive model of teratogenicity is that the potential of a compound inducing tera-

togenicity varies by its concentration. A concentration-response relationship can be 

assumed, namely a treatment with a higher concentration is more likely to induce ter-

atogenicity than that with a low concentration. However, the concrete functional form 

between the potential and the concentration is not known. This motivated us to define 

the Teratogenicity Score as the ‘0-1 cosine bounded similarity’ between differential 

gene expression profiles induced by any given concentration and the profiles induced 

by the maximum non-cytotoxic concentration. The teratogenicity scores of teratogens 

are defined between 0 and 1, and those of non-teratogens are fixed as 0 at all concen-

trations (Fig. 3.2b). By defining teratogenicity scores, we effectively transformed the 

binary classification problem into a regression problem. 

Two important technical details require clarification. First is the range of the teratogen-

icity score. Mathematically, cosine similarity ranges between -1 and 1; we bounded it 

to 0-1 by setting negative similarities as zero, which did not change the performance 

of the models (data not shown) but helped with human understanding. The teratogen-

icity score can be interpreted as an estimate of the probability of inducing teratogenic-

ity, which would be a real number between 0 and 1, though the real probability is un-

known to us because we are working with an in vitro system only, and the probability 

estimated in our system may differ significantly from that in vivo.  

The second technical detail is the selection of regression models. Given the truncated 

domain where the teratogenicity score is defined, we tried both simple linear regression 

and generalized linear models with beta regression. However, beta regression was 

computationally intensive and much slower, and its use led to similar results as simple 

linear regression for predicting teratogenicity scores. Therefore, we used simple linear 

regression throughout the study except in the last part of model explainability, because 

only one model is required there and the boundary consideration is important for sim-

ulation studies. 
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We observed the following patterns as we tried all options of model building: 

1. The feature type has minimal impact on the performance, though models trained 

with z-scores perform better on the test set than models trained with logFC (data 

not shown). 

2. The combination of feature engineering and machine-learning model is important 

and the best combination depends on the prediction task (Fig. 3.2c and 3.2d, con-

trasted with Fig. 5.2a). For teratogenicity prediction, the combination of germ-layer 

factors and random-forest regression works the best.  

3. With regard to the target variable, the performance of the regression-based tera-

togenicity-score prediction model is slightly better than the model for binary classi-

fication (data not shown). 

4. Performance is comparable between two modes of data splitting (data not shown). 

However, the leave-one-out training-testing scheme is preferable because it allows 

us to set up a single threshold of teratogenicity score which can be applied to all 

compounds, whether or not a compound is included in the training set or in the test 

set as in the case of 80%/20% data splitting. 

Based on these observations, we decided to use germ-layer factors as features, ran-

dom-forest regression as the machine-learning model, and teratogenicity score as the 

target variable to build the predictive model for teratogenicity with gene expression 

data.  
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Figure 3.2: Construction of machine-learning models predicting concentration-dependent tera-

togenicity potentials based on differential gene expression as input. 

(a) Overview of the workflow to construct machine-learning models using differential gene expression 

as input to predict teratogenicity potential. Oval node: input; diamond nodes: steps where more than 

one option was tested; plain-text nodes: options that were tested; rectangle nodes: outcome of the 

model. Plain-text nodes in bold show the options that give the best prediction performance. logFC: 

log2 fold change. 

(b) Definition of teratogenicity scores (TS). TS is set to 0 for non-teratogens (from Lazabemide to Amox-

icillin), independent of the concentration level. For teratogens, TS is set to 1 for the highest non-

cytotoxic concentration, and TS for other concentrations is set to the cosine similarity of differential 

gene expression profiles between each concentration and the highest non-cytotoxic concentration. 

Negative TS is set to 0. Colors indicate the concentration level: the highest concentration is assigned 

red, the lowest concentration is assigned black, and the concentrations between them are of darker 

red as they move towards lower concentrations. Points for non-teratogens are overlapping with each 

other. Here we show the subset of commercially available compounds as examples. The same defi-

nition was also applied to proprietary compounds. 

(c) Spearman correlation coefficients between observed teratogenicity scores, calculated on a per-com-

pound basis, and predicted teratogenicity scores, which are derived from models trained using all 

but one test compound (leave-one-out). Higher values are favorable. Only teratogens are considered 

here because the teratogenicity scores are defined as 0 for non-teratogens and the Spearman cor-

relation coefficient is a poor choice to characterize the models in such cases. 

(d) Mean (dots) and standard deviations (error bars) of teratogenicity scores of non-teratogens. For each 

compound, the median teratogenicity score is derived from six concentrations to represent the com-

pound. Both lower values and smaller error bars are favorable. 
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2.2.4.4. Assay performance of the TeraTox assay compared to mEST prediction 

Based on the best-performing machine-learning model, we defined the following pre-

dictive model for teratogenicity. First, we considered the maximal non-cytotoxic thresh-

old concentration (NCCmax) for cell viability measured by the CellTiter Glo assay of at 

least 80%. Next, we defined the minimal teratogenic concentration (TCmin) as the con-

centration at which the threshold of the teratogenicity score was met (TS=0.38, defined 

by grid search, Fig. 4.2a). If no NCCmax or TCmin could be determined because values 

did not exceed these thresholds, the maximal tested concentrations were used for 

NCCmax and TCmin. The predictive score, which we named TeraTox Score to avoid 

confusion with Teratogenicity Score, is defined by the logarithmic ratio between thresh-

old concentrations at 20% viability impairment (NCCmax) and teratogenic concentra-

tions (TCmin). Negative TeraTox scores classify the compounds as negative whereas 

positive scores classify compounds as positive (Fig. 4.2b).  

We plotted the concentration-response curves of both measured cytotoxicity and pre-

dicted teratogenicity scores induced by each compound (Fig. 4.2c, see Suppl. Fig. 

S4.2 for all compounds). In general, teratogenicity levels increased while cell viability 

decreased with rising concentrations. Correctly predicted negative compounds were 

unlikely to induce teratogenicity within non-cytotoxic concentrations, which means the 

calculated TeraTox score was negative or zero (e.g., Doxycycline, RO-4, RO-6). Pos-

itive compounds (e.g., Bosentan, Carbamazepine, Retinoic Acid, RO-1) or false posi-

tive predicted compounds (e.g., Cetirizine) were more likely to induce teratogenicity 

under non-cytotoxic concentrations, which was indicated by positive TeraTox scores 

(Fig. 4.2c).  

We compared predictions of 45 reference compounds by TeraTox scores with classi-

fications from FDA or in vivo EFD studies (Suppl. Tab. S4.2). Classification with Tera-

Tox Scores achieved an overall accuracy of 68% and outperformed mEST (60%). The 

two assays show different sensitivity and specificity profiles: While mEST is more spe-

cific (specificity 78%), TeraTox is more sensitive (sensitivity/recall 78%). Among 18 

negative reference compounds, 9 were classified as false positives (FP) by TeraTox, 

and only 4 by the mEST. Whereas from 27 positive reference compounds, 21 were 

predicted as true positives (TP) by the human TeraTox and only 13 by the mEST (Tab. 

2.2, Fig. 4.2d).  
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It is noteworthy that among the 26 compounds misclassified in total, the following 

seven compounds were wrongly predicted by both assays: cyproheptadine, RO-11, 5-

FU, methotrexate, misoprostol, RO-8, warfarin. Given the distinct sensitivity and spec-

ificity profiles of the two assays, we asked whether we can achieve even better predic-

tion results by using them in a sequential mode. Specifically, we first let mEST classify 

the compounds, and among the negative predictions, we accept the predictions by 

TeraTox. The intuition is that we may benefit both from the high specificity of mEST 

and the high sensitivity of TeraTox. Indeed, we found that overall accuracy of the com-

bined prediction increased to 78%. This suggests that it may be possible to achieve 

better prediction results by combining the existing mEST assay with the novel TeraTox 

assay. 

Table 2.2: Overview of assay performance for mEST and human TeraTox assay. 

Values were calculated based on 45 compounds (according to equations 1-5 in section 2.2.3.5. TP= 

true positive, TN=true negative, FP=false positive, FN=false negative). 

 

Model TP TN FP FN Accuracy Precision Recall Specificity F1 

TeraTox 21 9 9 6 67% 70% 78% 50% 73% 

mEST 13 14 4 14 60% 76% 48% 78% 59% 

mEST + 

TeraTox 

21 14 4 6 78% 84% 78% 78% 81% 
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Figure 4.2: Prediction of teratogenicity with the human TeraTox assay. 

(a) Results of a grid search to select the optimal threshold of the teratogenicity score. Prior to the grid 

search, we predicted teratogenicity scores for each compound using data from all other compounds 

(with the best options, i.e. using z-scores, germ-layer factors, random-forest, regression-based pre-

diction, and leave-one-out cross-validation). We then fitted concentration-response curves to the 

predicted teratogenicity scores and made predictions by the model described in Figure 4.2b by var-

ying the thresholds in a grid search. Each dot in the plot indicates one point in the grid, which starts 

at 0 and ends at 1, with a step size of 0.01. The best threshold (TS=0.38) was chosen manually by 

inspecting the performance metrics defined in Equations (1)-(5). 

(b) Concentration-response curves normalized to DMSO solvent controls for determination of minimal 

teratogenic concentration (TCmin) and maximal non-cytotoxic concentration (NCCmax) using predicted 

teratogenicity scores and measured cell viability. Teratogenicity scores were predicted by leave-one-

out testing/ training, and the optimal threshold of teratogenicity scores (TS=0.38) was found by grid 

search (a). The log ratio of the concentration leading to 20% viability impairment (NCCmax) and that 

causing a teratogenicity score equal to the threshold (TCmin) was used to calculate a predictive score. 

If no NCCmax or TCmin could be determined, the minimum tested concentrations were used for TCmin 

and the maximum tested concentrations were chosen for NCCmax. Predictive scores ≤0 classified the 

compounds as negative and values >0 were classified as positive.  

(c) Examples of concentration-response curves reported by the TeraTox assay of 4 selected non-tera-

togens (top panel, concentrations indicated by open circles): Doxycycline, RO-4, RO-6, and Cetiriz-

ine, and 4 selected teratogens (bottom panel, concentrations indicated by crosses): Bosentan, Car-

bamazepine, Retinoic Acid, and RO-1. In most cases, teratogenicity (black curves) rises with 

increasing concentrations whereas cell viability (red curves) decreases. The points indicate predicted 

teratogenicity score (2 replicates each) and measured cytotoxicity (3 replicates each). 

(d) The receiver operating characteristics (ROC) curve based on 45 reference compounds. The triangle 

symbol indicates the performance of TeraTox, and the circle indicates the performance of mEST.  
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2.2.4.5. Model interpretation and explanation 

A model’s explainability is crucial for understanding that allows inspection and further 

improvement (208). We performed additional in-depth analysis and collected data or-

thogonal to TeraTox, thereby implementing three independent approaches to interpret 

and explain how the TeraTox model, in particular, how the teratogenicity score predic-

tion model works.  

First, we followed up on previous work and asked the question whether the cytotoxicity 

quantified by the phenotypic assay can be predicted by gene expression data as well, 

and whether teratogenicity scores are confounded by general cytotoxicity (69,137). For 

this purpose, we followed the same scheme as described in Figure 3a while using 

cytotoxicity instead of teratogenicity scores as the target variable. Interestingly, a com-

prehensive search showed that using all pathway reporter genes and the elastic net 

model, instead of using germ-layer factors and random forest as in the case of terato-

genicity prediction, gives the best result (Fig. 5.2a). Given that the combination of 

germ-layer genes and random forest gives reasonable performance in both cases, and 

that random forest allows inquiry of feature importance by accuracy, we compared the 

feature importance of germ-layer genes in predicting both target variables (Fig. 5.2b). 

The prediction of cytotoxicity and teratogenicity by molecular phenotyping relies on 

expression changes of distinct genes. The distinction shows that teratogenicity of a 

compound is not a determinant for cytotoxicity whereas a compound that shows cyto-

toxicity at a specific concentration can still be teratogenic at lower, non-cytotoxic con-

centrations and that pathways for cytotoxicity and teratogenicity may be independently 

regulated. This is well in line with several previous findings (71,82,83).  

The second approach addressed the question whether a compound’s pharmacology, 

namely its target profile (protein targets and binding affinities), suffices to predict its 

teratogenicity potential. If so, one may hope to predict teratogenicity potential based 

on target profiles and/or even based on the chemical structure alone. While some ter-

atogens indeed have similar target profiles, we observe close clustering of teratogens 

and non-teratogens that have similar target profiles as well (Fig. 5.2c, Suppl. Fig. 

S5.2a). The potential of teratogenicity, therefore, may be associated with off-target ef-

fects or effects through targets that are not captured in ChEMBL, especially at the 

relatively high concentrations approaching cytotoxicity levels that we tested. Corrobo-
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rating this, we found almost no correspondence between clustering of average differ-

ential gene expression across concentration per compound and that of pharmacologi-

cal profiles (Suppl. Fig. S5.2b). Therefore, we conclude that while knowing the target- 

and off-target profile of a compound is essential for de-risking its safety liabilities in-

cluding teratogenicity, pharmacology data alone cannot currently predict a compound’s 

teratogenicity potential. Human in vitro assays, such as TeraTox and other advanced 

cellular models, are therefore indispensable for assessing the potential for human ter-

atogenicity.  

The third approach was to use a simpler generalized linear regression model for sen-

sitivity analysis, which would allow us to analyze how the model responds to changes 

of the input. Given that random forest is an ensemble method and the contribution of 

each germ-layer factor can be therefore difficult to interpret, we built an alternative 

model using beta linear regression. To identify interaction terms in the linear regres-

sion, we made the assumption that germ-layer factors regulate each other by forming 

a directed acyclic graph (DAG). Under this assumption, we built a Bayesian network 

using the differential expression data of germ-layer factors (Fig. 5.2d). The network 

reveals potential influences on both mesoderm and endoderm by the ectoderm, influ-

ences on endoderm by mesoderm, and influences on stem-cell renewal by endoderm. 

The Bayesian network topology prompted us to build a beta regression model including 

all germ-layer factors and interactions identified in the Bayesian network (Fig. 5.2e, 

Suppl. Fig. S6.2). The model provides both interpretable coefficients of the model and 

a tool for sensitivity analysis, because we can quantify prediction uncertainty much 

easier with a linear model than the random forest model, by paying the price of assum-

ing linear regulation relationship. For the sensitivity analysis, we kept all other param-

eters fixed and tuned one input parameter at a time to simulate its impact on predicted 

teratogenicity scores. We observed that the model is likely sensitive to impairment of 

either ectoderm layer or stem-cell self-renewal, while being relatively robust to changes 

to either mesoderm or endoderm (Fig. 5.2e). The results of sensitivity analysis further 

underlined the prominent ectodermal nature of the model at the endpoint on day 7. In 

summary, we explain how the TeraTox model operates by complementing the ma-

chine-learning model with feature importance analysis, biological and pharmacological 

interpretation, and sensitivity analysis.  
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Figure 5.2: Biological interpretation of the model. 

(a) Differential gene expression can be used to predict cytotoxicity, though the best-performing model 

for cytotoxicity differs from that for teratogenicity. Similar as what we did for teratogenicity in Figure 

3.2b, we built machine-learning models for cytotoxicity using the same workflow shown in Figure 

3.2a. While z-scores, regression, and leave-one-out remain the same, the best model for cytotoxicity 

predictions uses all pathway reporter genes and elastic net, in contrast to germ-layer factors and 

random forest for teratogenicity prediction. Each dot represents the correlation between held-out and 

predicted cytotoxicity and observed cytotoxicity using leave-one-out cross validation. Lines of two 

colors (blue: random forest; orange: elastic net, also known as glmnet) show that the elastic net 

consistently outperforms random forest for cytotoxicity prediction. 

(b) Feature importance of germ-layer genes differ for cytotoxicity and teratogenicity prediction. Because 

the combination of germ-layer genes and random forest shows reasonable predictivity for both tera-

togenicity (Fig. 3.2b) and cytotoxicity (Fig. 5.2a), we inspected their feature importance in the random 

forest model using importance measures. Each dot represents a germ-layer gene. Genes that are 

mostly important for teratogenicity prediction are shown in blue. Genes that are most important for 

cytotoxicity prediction are shown in red. The overlapping genes that are important for both predictions 

are shown in magenta. 

(c) The target profile alone is not sufficient to determine a compound’s teratogenicity potential. We clus-

tered compounds by their target profile, i.e. number and affinity to targets collected in the ChEMBL 

database and visualized the clustering with the dendrogram. Compounds are colored by their truth 

classification whether they are teratogen (red) or not (black). Note that while teratogens are enriched 

in some branches of the dendrogram, non-teratogens and teratogens can have very similar target 

profiles and therefore cluster near to each other in other cases.  

(d) Structure of the Directed Acyclic Graph (DAG) that we used to model the relationship between tera-

togenicity score and germ-layer factors with generalized linear model. Besides ten germ-layer fac-

tors, significant interactions between germ-layers identified by Bayesian networks (blue edges) are 

used as input variables for the model. Model fitting results are shown in Supplementary Figure S6.2. 

(e) Sensitivity analysis shows both the advantages and the limitations of the TeraTox assay. The rela-

tively simple generalized linear model with beta-regression allowed us to run the sensitivity analysis, 

a simulation technique to test how the model would behave if we tune the input variables specifically. 

Each panel shows one of such analyzes, where we tune one parameter (for instance the ectoderm 

germ-layer factor in the top-left panel) while keeping all other parameters fixed. Black lines indicate 

average prediction and gray areas indicate 95% confidence intervals of prediction. To facilitate inter-

pretation, the input variables are scaled to 0 mean and standard deviation. Note that for all sensitivity 

analyzes plots, when the input parameter is 0 (vertical dashes), the simulated teratogenicity scores 

center around the optimal threshold that we identified (TS=0.38, horizontal dashes). Therefore, the 

plot can be interpreted in the following way: if the slope of a variable is positive, the teratogenicity 

potential increases as the expression of genes in that germ-layer factor increases. Otherwise, if the 

slope is negative, the teratogenicity potential increases as the expression of genes in that germ-layer 

factor decreases.   
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2.2.5. Discussions 

This study characterizes the optimization of TeraTox, a newly developed in vitro human 

teratogenicity assay. TeraTox quantifies drug-like molecules’ cytotoxicity and terato-

genicity profiles in concentration response using a hiPSC derived embryoid body 

model that spontaneously differentiates into all three germ layers over seven days. 

This model extends and standardizes the use of transcriptomics as compared to pre-

viously published embryoid body models, and fully leverages the predictive potential 

of these models by adding a toxicological prediction model (68,82). We challenged the 

TeraTox assay with a selection of 45 reference substances with teratogenic profiles 

based on high-quality data.  

We identified latent germ-layer factors that influence germ-layer gene expression, and 

identified the best machine-learning model that predicts the teratogenicity potential 

based on germ-layer factors as input and random forest as the regression model. We 

demonstrated that TeraTox outperforms mEST in both sensitivity and balanced pre-

diction performance, though having lower specificity, and that by combining both meth-

ods an even higher accuracy could be achieved. Furthermore, we explored the inter-

pretation and explainability of the TeraTox model with three independent approaches. 

We found that teratogenicity can be distinguished from cytotoxicity, that pharmacolog-

ical profiles are not sufficient for predicting teratogenicity, and that the TeraTox assay 

is particularly sensitive towards teratogens impairing ectoderm development and stem-

cell self-renewal. The study embodies a comprehensive and critical assessment of the 

TeraTox assay and its predictive algorithm, addressing important open questions for 

its practical use. 

The TeraTox model presents a promising companion and/or an alternative to mEST 

as a humanized in vitro model for preclinical teratogenicity assessment. The two as-

says differ in cellular origin (human iPSC versus mouse ESC and fibroblasts), final 

endpoints (differential gene expression from all germ layers versus direct differentiation 

into mouse cardiomyocytes), and the prediction model. Both assays are anchored to a 

specific cytotoxicity threshold that determines the non-cytotoxic yet teratogenic effects. 

Contrary to the mEST assay, where cytotoxicity is inferred from IC50 values of D3 and 

3T3 cells that are grown in monolayers, we anchored the TeraTox assay to a much 

lower cytotoxicity threshold (NCCmax, viability >80%) in a three-dimensional scale, 

which is more physiologically relevant.  
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With the exception of a few compounds, TeraTox determined cytotoxicity and/or tera-

togenicity LOAEL (lowest observed adverse effect levels) at lower concentrations com-

pared to the mEST (except for dexamethasone, bosentan, dorsomorphin, hy-

droxyurea, imatinib, isotretinoin). We therefore believe that TeraTox may be a more 

relevant in vitro assay for human teratogenicity assessment. 

Our analysis of the TeraTox data revealed its three unique advantages over mEST. 

First, TeraTox is more sensitive than the mEST assay. We believe the higher sensitivity 

is due to several factors, including the use of human induced pluripotent stem cells, 

cytotoxicity determination in 3D EBs and using gene expression as readout. In this 

study, we carefully selected concentration ranges based on drug-specific maximum 

plasma concentrations (Cmax) from either human data whenever possible or model spe-

cies otherwise (Suppl. Tab. S1.2, S2.2). Retrospective comparison of the TeraTox 

readout with the human therapeutic Cmax data showed that TeraTox captured relevant 

in vivo doses for teratogenicity for most compounds, except for bosentan, isotretinoin, 

imatinib, and warfarin. The higher sensitivity to detect teratogens is particularly im-

portant for preclinical drug discovery to remove potential teratogens from the pipeline 

as early as possible. 

The second advantage of TeraTox over mEST is that it allows the detection of human-

specific teratogens. Generally, using a model species such as the mouse or the rabbit 

to predict toxicity may lead to misclassifications if the toxicity is specific for either the 

animal species or for humans. For this reason, when we compiled our compound 

panel, we chose preferentially those compounds that are either known to be species-

specific or known to be misclassified by alternative methods. And when we assigned 

labels to the compounds, we relied on human data whenever possible. An example for 

species-specific teratogenicity is thalidomide, which was correctly identified as positive 

by TeraTox. At the same time, it shows a high level of cytotoxicity at concentrations 

that are 80-fold lower than human Cmax. It is well established that the mouse system is 

insensitive to the teratogenic effects of thalidomide due to the lack of cereblon-medi-

ated degradation of the SALL4 transcription factor, which has been shown to result in 

agenesis of the limb buds in rabbit embryos and was recapitulated by a species-spe-

cific false-negative response of the mEST (17,21,23). 
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The third advantage of TeraTox is that it is less of a phenotypic black box but rather 

an interpretable and explainable model by providing mechanistic insights into pathway 

and gene modulations. We used factor analysis, an established unsupervised, gener-

ative data-analysis method, to reveal clustering patterns in correlations between ex-

pression of germ-layer genes. Despite that these clustering patterns, which we termed 

germ-layer factors, were derived from the raw gene expression data statistically with-

out any biological prior knowledge, we were surprised that they correlated well with 

known biology of germ-layer development.  

Specifically, germ-layer factors were enriched with genes preferentially expressed in 

one of the three germ layers or stem-cell renewal. Interestingly, averaging differential 

gene expression of germ-layer genes by germ-layer factors provided the best features 

for the prediction of teratogenicity. The latent factors can be seen as a sum of the 

output of gene regulatory networks in germ-layer development and stem-cell self-re-

newal.  

Therefore, TeraTox informs predictions not only based on statistical data patterns: it 

builds upon biological mechanisms and thus may reflect disturbed functionalities, sim-

ilar to those leading to teratogenicity in vivo. This feature puts the TeraTox conceptually 

in a group of other assays that use phenotypic changes or disturbed functionalities as 

readouts (72,209-211). The model consolidates our previous call to ‘focus on germ 

layers’ and corroborates our recent work exploring gastruloid models that profiles mor-

phological changes of germ-layers for teratogenicity prediction (155,212). 

Besides factor analysis, we tried several ways to shed light on how the model works 

(and its potential limitations). Most importantly, we could distinguish cytotoxicity from 

teratogenicity. We explored machine-learning model variants for both teratogenicity 

and cytotoxicity predictions and made the intriguing observation that the best models 

are distinctly depending on the target variable. Whereas germ-layer factors and ran-

dom forest performed best for teratogenicity prediction, the combination of all pathway 

reporter genes and regularized linear regression with elastic nets showed the best pre-

diction for cytotoxicity. We speculate that there might be two explanations for this.  
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First, the molecular phenotyping platform contains well curated genes that reflect cy-

totoxicity and cell death, which were highlighted in a previous drug screening study 

using iPS-derived cardiomyocytes (157). Therefore, we can anticipate that these 

genes are used by linear regression to predict cytotoxicity. Second, teratogenicity is 

notably complex. It can be caused in many different subtle ways, with many different 

perturbations leading to different down-stream changes that are collectively known as 

teratogenicity. Therefore, a change in the total output of the germ-layer regulatory net-

work as summarized by germ layers is probably a more robust readout than individual 

genes, and random-forest, which is an ensemble learning method, is better at detecting 

heterogenous signals than linear regression.  

Furthermore, we used pharmacological data to show that knowing target profiles of 

drug candidates is likely not sufficient to predict its teratogenicity potential, therefore 

an in vitro based assay like TeraTox is necessary. Last but not least, we combined 

Bayesian network analysis, beta linear regression, and sensitivity analysis to show that 

while TeraTox is sensitive to ectoderm development damage, further work is required 

to better model mesoderm and endoderm development. 

Given the advantages of TeraTox over mEST, and considering distinct profiles of sen-

sitivity and specificity of the two assays, we can image three possible scenarios of their 

routine use in drug discovery: TeraTox replacing mEST, TeraTox running besides 

mEST, or two assays running sequentially. We believe while the first option is the long-

term goal we would like to pursue, the last option of running them sequentially may be 

currently the best approach. Our analysis showed that if we use the mEST assay first, 

and next run the TeraTox assay for compounds predicted negative by mEST, we gain 

improved prediction accuracy, sensitivity, and specificity. Further real-world testing is 

planned to validate the performance of this approach. 

Further studies are warranted to explore several parallel paths further optimizing the 

Tera-Tox assay, which can be divided into three categories: paths leading to better 

characterization of EBs, paths leading to better predictive and explanatory algorithms, 

and paths leading to better biological models of human embryo development. To better 

characterize EBs, one apparent way is to perform multi-modal - bulk and single-cell 

omics, and morphological profiling - characterizations of the EBs. Extension of the as-

say duration to more than 7 days or using other differentiation protocols may further 
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improve TeraTox’s capacity to model mesoderm and endoderm development. Omics 

profiling of EBs may reveal the best condition. 

There are several viable options to further improve the predictivity and the explainabil-

ity of the TeraTox model. To better distinguish between non-teratogens and terato-

gens, we may try to test the compounds with the TeraTox assay at lower concentra-

tions (especially for non-teratogens), where the lowest concentration should be 

predicted to have a teratogenicity score equal to or close to zero. Multi-model data, if 

available, can be used to identify further relevant features beyond germ-layer genes 

and factors. As more and more data are collected, we may also optimize the prediction 

algorithm, for instance using the nearest-neighbor prediction or other variants, to ben-

efit from the data.  

Finally, the TeraTox assay may benefit from a better modelling of human embryo de-

velopment. We may use alternative morphology-based assays of gastruloids to com-

plement the TeraTox readout (57,212). Alternatively, sophisticated microphysiological 

systems may better mimic the maternal-placenta-embryo axis and hence, may reca-

pitulate true embryo exposure levels (213-215). In the future they may replace the 3D 

embryoid bodies in TeraTox. In the current throughput, though, such systems will prob-

ably be more powerful as a secondary assay to spot check a few compounds of par-

ticular interest. For this purpose, a continuous integration and modelling of data of hu-

man embryogenesis, for instance from omics, imaging, and perturbation studies, is 

required to guide further optimization of the TeraTox assay (52,212,216). 
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2.2.6. Conclusion 

In summary, we demonstrate that the TeraTox assay addresses several limitations of 

the industrial standard mEST assay regarding performance, species-specificity, and 

explainability. We believe that further optimization of the TeraTox assay and its routine 

use in drug-screening processes will lead us towards better preclinical assessment of 

human teratogenicity. 
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2.2.10. Supplementary Data 

 
Suppl. Figure S1.2: Mouse embryonic stem-cell test (mEST): assay workflow and prediction 

model.  

(a) Assay workflow. Mouse D3 and 3T3 cells are differentiated over a time course of 10 days to deter-

mine mEST endpoints (IC50 and ID50) for the calculation of the teratogenicity prediction score. Cells 

are treated with compounds in six-concentrations at day 0, day 4 and day 7. The endpoints are cell 

viability (D3 and 3T3 cells) and counting of beating cardiomyocytes at day 10 (derived from D3 EBs). 

(b) The prediction model of the mEST assay and normalized concentration-response curves. Values are 

normalized to solvent (DMSO) controls to determine the half-maximal concentration of viability for 

D3 ESC (IC50 D3) and 3T3 fibroblasts (IC50 3T3) and half-maximal concentration of cardiomyocyte 

differentiation (ID50 D3), respectively. A predictive score of <0.6 indicates non-teratogens whereas a 

predictive score ≥0.6 indicates teratogens. 
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Suppl. Figure S2.2: Factor analysis of germ-layer genes. 

(a) Pairwise Pearson correlation coefficients between germ-layer genes. Each row and each column 

indicate one gene. Red colors represent a strong correlation between expressions of genes whereas 

blue colors represent anti-correlation. 

(b) Proportion of (co)variance explained by the first ten germ-layer factors (grey bars). Cumulatively, 

they explain more than 70% of total data variance (red line). 

(c) Factor loading (like Figure 2.2b), with all gene symbols shown.  

(d) Expression levels of germ-layer factors, represented as average z-scores of associated germ-layer 

genes, induced by compound treatments in the highest non-cytotoxic concentration (viability ≥ 80%). 

Blue colors indicate downregulation whereas red colors indicate upregulation of factors. The top side 

bar uses color to indicate compound classification: grey=non-teratogens, red=teratogens. 
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Suppl. Figure S3.2: Leave-one-out prediction of teratogenicity scores and of cytotoxicity. 

(a) Prediction of teratogenicity scores using the leave-one-out scheme. For each combination of features 

and machine learning models, the teratogenicity score of each compound is predicted based on the 

scores of all other compounds. The predicted scores (y-axis) are compared with expected scores as 

defined in Fig. 3.2b. Each dot represents one concentration of one compound. The gray line indicates 

y=x. R gives the Spearman correlation coefficient, and p values are derived from the Spearman 

correlation test. The gray diagonal line represents y=x. The blue line indicates linear regression, with 

95% confidence intervals in the gray area. 

(b) Prediction of cytotoxicity using the leave-one-out scheme. All legends follow the definitions in Suppl. 

Fig. S3.2a. 



111 

 

Suppl. Figure S4.2: Classification of teratogenicity by Random Forest models.  

Concentration response curves of 45 reference compounds tested with the human TeraTox assay. Val-

ues for predicted teratogenicity were obtained by leave-one-out training/testing (median values of n=2), 

values for cytotoxicity were measured in the assay and normalized by DMSO (which is set as 100%). 

NCCmax and TCmin are plotted based on at least 80% viability threshold and the optimal teratogenicity 

score threshold of 0.38. Curve fit was performed with the four-parameter model offered by the drc pack-

age. 
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Suppl. Figure S5.2: Pharmacological profiles of the drugs. 

(a) Heatmap of target profiles of compounds. Only compounds with annotated targets in ChEMBL are 

shown. Each row represents one compound, and each column represents a human protein target. 

Colors indicate pACT values, which are absolute log10 transformed assay values (Ki, IC50, etc.). 

Gray cells mean that data is not available. Compounds are clustered by binary distance and the 

Ward method. 

(b) Two aligned dendrograms of differential gene expression and of pharmacology, linked by com-

pounds. Left: dendrogram of differential gene expression profiles induced by compounds (average 

across concentration). Right: dendrogram of pharmacological profiles derived from figure a. Lines 

connect the same compounds in two dendrograms. Gray lines: lack of correspondence. Blue lines: 

the same cluster is found in both dendrograms. 

 
 

Suppl. Figure S6.2: Performance of the generalized linear model with beta regression.  

Input to the regression model of ten germ-layer factors and significant interactions between them iden-

tified by a Bayesian network. The target variable is the teratogenicity score. We observe a good corre-

lation between predicted (x-axis) and expected (y-axis) teratogenicity scores that are defined by cosine 

similarity. Each dot represents one concentration of one compound. Colors are used to represent differ-

ent drugs. The diagonal line indicates y=x. 
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Supplementary Table S1.2: Human teratogenicity classification for commercial compounds Clas-

sifications and human therapeutic plasma concentrations (Cmax) were obtained from official data of the 

U.S. food and drug administration (FDA USPI) or from literature.  

 

Reference  
Compound 

Teratogenicity 
Classification 

Maximal therapeutic 
plasma concentration 
(Cmax) [µM] 

Reference 

Acitretin Positive  2.4 (3,88) 

Amoxicillin Negative  13.8 (52-54) 

Artesunate Positive  1.16 (38,89) 

Ascorbic Acid Negative  49,000 (56,90-92) 

Bosentan Positive  1.1 (31,95) 

Busulfan Positive  0.52 (3,39) 

Carbamazepine Positive  49 (3,32,96-98) 

Cetirizine Negative  0.84 (3,57,58) 

Cyclopamine Positive  n/a (43,44,47) 

Cyproheptadine Negative  104.4 (59,60) 

Dabrafenib Positive  2.8 (3,40) 

DAPT Positive  n/a (46) 

Dasatinib Positive  0.22 (3,41,100) 

Dexamethasone Negative  0.48 (61) 

Dorsomorphin Positive  n/a (47) 

Doxycycline Negative  13.6 (54,62,101-103) 

5-Fluorouracil Positive  222 (3,104) 
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Hydroxyurea Positive  684 (3,33,106) 

Ibuprofen Negative  286 (3,63,64) 

Isotretinoin Positive  1 (3,35,107) 

Imatinib  Positive  6.6 (3,34,108) 

IWP-2 Positive  n/a (47) 

Lazabemide Negative  n/a (109) 

Metformin Negative  9 (65,110) 

Methotrexate  Positive  4.7 (3,36) 

Misoprostol Positive n/a (111) 

Penicillin G Negative  1150 (66,112) 

Progesterone Negative  0.06 (68,114) 

Retinoic Acid Positive  1.31 (3,115-117) 

SB431542 Positive  n/a (51) 

(±) Thalidomide Positive  2.4 (3,118) 

Valproic Acid Positive  1423 (3,37) 

Warfarin Positive  6.8 (121,122) 
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Supplementary Table S2.2: In vivo EFD study data for developmental compounds.  

Developmental compounds provided by F. Hoffmann- La Roche (compound annotation was blinded due 

to confidential regulations). Studies for embryo-fetal development were either performed at Roche or 

contract research organizations. Compounds were generally classified as positive if effects were ob-

tained in at least one species. Maximal protein plasma binding for the lowest observed adverse effect 

levels (LOAEL Cmax) from the lowest dose where effects have been observed were averaged. Data were 

obtained from the Master Thesis of Thomas Sergejew 2015 (198). 

 

Reference 

Compound 

Teratogenicity 

Classification 

in vivo data 

Rat 
LOAEL 

Cmax [µM] 
Rabbit 

LOAEL 

Cmax [µM] 

RO-1 Positive  Positive  18.5 Positive 37 

RO-2 Negative Negative n/a Negative n/a 

RO-3 Positive  Positive  91 n/a n/a 

RO-4 Negative Negative n/a n/a n/a 

RO-5 Negative Negative n/a n/a n/a 

RO-6 Negative Negative n/a Negative n/a 

RO-7 Negative Negative n/a n/a n/a 

RO-8 Positive  Positive  54 Positive  32 

RO-9 Positive  Negative n/a Positive  0.94 

RO-10 Positive  Negative n/a Positive  41 

RO-11 Negative Negative n/a n/a n/a 

RO-12 Negative Negative n/a Negative n/a 
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Supplementary Table S3.2: Germ-layer gene panel.  

Representative developmental markers (germ-layers) are classified into endoderm, ectoderm, meso-

derm, mesendoderm, pluripotency (self-renewal) and other categories, as described by Tsankov et al. 

(73,74,89). 

 

Endoderm Ectoderm Mesoderm Self-Renewal Mesendoderm 

CABP7 WNT1 SNAI2 NANOG T 

CLDN1 POU4F1 HOPX IDO1 FGF4 

CDH20 OLFM3 PLVAP DNMT3B GDF3 

CPLX2 CDH9 FCN3 TRIM22 NR5A2 

EOMES LMX1A BMP10 LCK NPPB 

GATA6 DMBX1 HAND1 HESX1 PTHLH 

HHEX PAX3 TBX3 POU5F1  

FOXA1 MAP2 ESM1 CXCL5  

GATA4 TRPM8 HEY1 SOX2  

FOXA2 DRD4 ODAM   

HNF1B MYO3B CDX2   

HNF4A PAX6 RGS4   

FOXP2 PRKCA HAND2   

RXRG NOS2 CDH5   

SST ZBTB16 FOXF1   

PHOX2B EN1 PDGFRA   

LEFTY2 PAPLN COLEC10   

LEFTY1 COL2A1 IL6ST   

NODAL SDC2 NKX2-5   

PRDM1 NR2F2 ABCA4   

KLF5 NR2F1/NR2F2 TM4SF1   

HMP19 SOX1 ALOX15   

ELAVL3     

POU3F3     

SOX17     
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Supplementary Table S4.2: Teratogenicity Prediction of Reference Compounds.  

Classification of positive and negative reference compounds by the human TeraTox assay with associated maximum non-cytotoxic concentrations (NCCmax) and 

minimal teratogenic concentrations (TCmin) and its calculated predictive TeraTox score. Classification of the mouse EST with associated half-maximal concentrations 

for inhibition of growth for D3 mouse ESC (IC50D3) and 3T3 fibroblasts (IC503T3) and half-maximal concentrations for inhibition of differentiation into beating 

cardiomyocytes for D3 mouse ESC (ID50D3) and its calculated predictive score. TN= true negative, TP= true positive, FN= false negative, FP= false positive, values 

of several assay runs were averaged, n≥3, *highly cytotoxic. 

 

Reference  
Compound 

Teratogenicity 
classification 

Human TeraTox Assay Mouse embryonic stem cell test 

NCCmax 
[μM] 

TCmin 

[μM] 
TeraTox 

score 
Predicted 
Terato-
genicity 

IC50D3 
[μM] 

IC503T3 
[μM] 

ID50D3 
[μM] 

Predictive 
Score 

Predicted 
Terato-ge-

nicity 

Amoxicillin Negative 200 200 0.00 TN 2500 2500 2467 0.01 TN 

Ascorbic acid Negative 900 174 0.71 FP 1104 2000 2000 n/a TN 

Cetirizine Negative 201 167 0.08 FP 332 500 215 0.27 TN 

Cyproheptadine Negative 5.8 1.1 0.72 FP 12 45 0.7 1.55 FP 

Dexamethasone Negative 300 120 0.40 FP 87 300 55 0.46 TN 

Doxycycline Negative 8.0 9.6 -0.08 TN 244 397 11.3 1.44 FP 

Ibuprofen Negative 1400 43.7 1.50 FP 2628 1380 1166 0.21 TN 

Lazabemide Negative 100 100 0.00 TN 59 235 106 0.05 TN 

Metformin Negative 500 500 0.00 TN 500 500 500 n/a TN 

Penicillin G Negative 600 600 0.00 TN 2000 2000 2000 n/a TN 

Progesterone Negative 28 23 0.08 FP 58 36 24 0.29 TN 
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RO-7 Negative 289 600 -0.32 TN 227 227 129 0.25 TN 

RO-2 Negative 241 201 0.08 FP 47 68 90 n/a TN 

RO-11 Negative 13 4.5 0.46 FP 32 13 5.3 0.59 BL 

RO-12 Negative 58 83 -0.16 TN 92 137 37 0.48 TN 

RO-6 Negative 161 400 -0.40 TN 386 515 438 0.01 TN 

RO-5 Negative 14 1.6 0.94 FP 9.1 5.8 4.1 0.25 TN 

RO-4 Negative 96 200 -0.32 TN 39 170 2.5 1.51 FP 

5-FU Positive 0.3 0.3 0.00 FN 0.5 2.0 0.3 0.48 FN 

Acitretin Positive 2.5 0.1 1.39 TP 0.2 129 0.0 2.64 TP 

Artesunate Positive 0.5 0.4 0.09 TP 3.2 6.5 1.3 0.53 FN 

Bosentan Positive 125 72 0.24 TP 19.3 70.6 22.1 0.22 FN 

Busulfan Positive 0.9 0.5 0.25 TP 19.3 70.6 22.1 0.22 FN 

Carbamazepine Positive 70 28 0.40 TP 372 393 207 0.26 FN 

Cyclopamine Positive 20 9.6 0.32 TP 22 76 5.9 0.84 TP 

Dabrafenib Positive 0.4 0.06 0.82 TP 23 23 20 0.07 FN 

DAPT Positive 0.2 0.09 0.35 TP 324 176 35 0.83 TP 

Dasatinib Positive 12 0.6 1.31 TP 4.3 0.6 3.7 n/a TP 

Dorsomorphin Positive 8.1 0.4 1.31 TP 1.9 1.4 0.7 0.34 FN 

Hydroxyurea Positive 200 116 0.24 TP 51 89 23 0.47 FN 

Imatinib Positive 48 19 0.40 TP 12 22 7 0.39 FN 
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Isotretinoin Positive 250 9.4 1.42 TP 33 121 0.5 2.10 TP 

IWP-2 Positive 0.1 4.5E3 1.35 TP 15.5 55 1 1.47 TP 

Methotrexate Positive 5.2E3 9E3 -0.23 FN 0.2 0.1 0.1 0.10 FN 

Misoprostol Positive 1.30 1.30 0.00 FN 23 13 40 n/a FN 

Retinoic acid Positive 3.5E3 9.8E4 0.55 TP 0.004 77.9 0.014 1.60 TP 

RO-8 Positive 9.0 32 -0.55 FN 110 104 85 0.10 FN 

RO-9 Positive 5.0 5.0 0.00 FN 40 21 3.7 0.89 TP 

RO-3 Positive 40 16 0.40 TP 77 147 18 0.77 TP 

RO-10 Positive 1.7 0.5 0.53 TP 5.1 4.2 1 0.67 TP 

RO1 Positive 58 48 0.08 TP 68 180 24 0.66 TP 

SB431542 Positive 30 2.3 1.11 TP 36 21 5.8 0.68 TP 

Thalidomide Positive 0.03 0.03 n/a* TP 2000 2000 2000 n/a FN 

Valproic acid Positive 1000 31 1.51 TP 1252 2859 441 0.63 TP 

Warfarin Positive 60 60 0.00 FN 1892 895 974 0.13 FN 
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2.3.1. Abstract 

Pharmaceuticals that are intended for use in patients of childbearing potential need to 

be tested for teratogenicity before marketing. Several pharmaceutical companies apply 

animal-free in vitro models to screen candidate molecules for teratogenicity prior to 

regulatory animal studies. The results of these in vitro assays allow a rapid selection 

of lead compounds and contribute to 3Rs (‘replace, reduce and refine’) by avoiding 

unnecessary regulatory studies in pregnant animals with unpromising candidates. A 

newly developed three-dimensional gastruloid model has the potential to achieve a 

more reliable prediction of teratogenicity by providing a much more comprehensive 

assessment of the complex morphogenic mechanisms involved in early embryonic de-

velopment, with relevance to humans. In this first proof-of-concept study, we used the 

gastruloid model, with both mouse and human stem cells, to examine a panel of seven 

reference compounds with available in vivo data and known human teratogenic risk to 

see if these models are able to identify human teratogens. In summary, the readouts 

revealed morphological effects of reduced elongation or significantly decreased size of 

the gastruloids. We also observed aberrant gene expression using fluorescent report-

ers, such as SOX2, BRA, and SOX17. Finally, the gastruloid were able to recapitulate 

some of the known in vivo species-specific susceptibilities. We, therefore, suggest that 

the gastruloid system described represents a powerful tool for teratogenicity assess-

ment by assessing relevant physiological aspects of early embryonal development in 

a toxicological context. 

 

 

 

 

 

 

Keywords: Gastruloids, Teratogenicity, Stem Cells, Embryonal Development  
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2.3.2. Introduction 

Developing embryos are highly susceptible to any harmful exposure to teratogenic 

substances, due to incomplete epithelial barrier functions and detoxification capacity, 

especially in the first trimester of pregnancy (217,218). Teratogens may cause con-

genital abnormalities to occur, leading to lifelong physical or functional impairment. 

However, the underlying mechanisms of many teratogens are still not well described 

and further investigations are necessary to enable us to understand, let alone predict, 

which disruptive effects might cause birth defects.  

Particularly in the application of pharmaceuticals intended for women of childbearing 

potential, it is crucial to know which substances may bear teratogenic risks. Therefore, 

promising drug candidates must be screened for any developmental or fetal toxicity 

prior to clinical application. This involves testing in pregnant animals in order to predict 

the likely effect of compound exposure at different concentrations. However, a number 

of high-profile cases have suggested that model organisms like the mouse are often 

unable to accurately predict human teratogenicity, such as thalidomide (17,21). As a 

result, Developmental and Reproductive Toxicology (DART) studies now incorporate 

testing on several species, including non-rodents such as rabbits or non-human pri-

mates, in order to have increased confidence in the safety of a new compound (29).  

An alternative option, fast gaining traction in pharmaceutical companies, is to utilize in 

vitro systems, such as pluripotent stem cells, to design assays for teratogenicity as-

sessment (40). The benefit of such systems is threefold: they facilitate human-specific 

predictions by using human cell lines; they reduce the number of animals required for 

research, thus contributing to a 3Rs principle (to ‘replace, reduce and refine’ animal 

use in research) and they allow for medium- to high-throughput analyses earlier in the 

drug development pipeline. As such, in vitro model systems that predict human terato-

genicity represent a powerful new approach in pharmaceutical development. Recently, 

several in vitro models have been developed and applied to the evaluation of develop-

mental toxicants (50,51,129,147).  
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However, most of these models are established as adherent monolayer cultures, which 

are lacking an essential micro-physiological environment and the readouts of assays 

often only target a single germ layer. Therefore, commonly available in vitro systems 

do not fully reflect all the relevant features of spatial and temporal patterning or multi-

lineage differentiation during gastrulation (7,219). Instead, a more biologically relevant 

model that better recreates the native processes of early embryonic development, 

could reveal new mechanistic insights into disruptive events during embryogenesis and 

might improve prediction of teratogenicity. 

Recent work has described a pluripotent stem cell (PSC)-based system that utilizes 

the self-organizing potential of PSCs to generate three-dimensional structures that re-

capitulate elements of the early embryo (57,58,144). These are known as ‘gastruloids’, 

as they mirror some of the events of gastrulation; where the emergence of the three 

germ layers is coordinated along anterior-posterior, dorsal-ventral and medio-lateral 

axes to generate the elements of the body plan, from which the various tissues and 

organs will emerge. Studies have shown that these stem cell aggregates progressively 

break symmetry, undergo axial elongation and differentiate to all three germ layers 

(mesoderm, ectoderm and endoderm) in a manner that is spatially and temporally sim-

ilar to the embryo. However, these structures do not contain anterior neural (brain) or 

extraembryonic cell types, meaning they do not have full organismal potential (220). 

Recently, this work with mouse PSCs has been extended to the generation of gastru-

loids from human Embryonic Stem Cells (ESCs) (57). These so-called, ‘human gastru-

loids’, recapitulate many features of the developing mammalian embryo, and may bring 

unique insights into human development with experimental tractability that overcomes 

several of the ethical and technical limitations of research on human embryos.  

Gastruloids have reproducible morphological changes, germ layer proportions and 

spatiotemporal organization of gene expression that are easy to visualize and quantify. 

These are key benefits over traditional adherent cell methods or embryoid body (EB) 

cultures. They therefore offer an experimentally tractable system to explore the effect 

of a range of perturbations that may affect cell lineage differentiation, signalling, mor-

phology, cell viability and growth (57,144).  
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Here, we examine whether mouse and human gastruloids can have further application 

as an effective teratogenicity assay. Using a small reference panel of compounds; in-

cluding all-trans retinoic acid, valproic acid, bosentan, thalidomide, phenytoin, ibu-

profen and penicillin G; we explore gastruloid sensitivity to different concentrations and 

exposures. These are then compared between mouse and human gastruloids, against 

existing data from gold-standard animal models and compared to known human tera-

tological status. We use a range of outputs including morphological shape descriptors, 

marker gene expression and cytotoxicity to qualitatively and quantitatively assess the 

effect of chemical exposure on gastruloids. Distribution of germ layer representative 

reporter gene expression of SOX2 (neuroectoderm), SOX17 (endoderm) and BRA 

(mesoderm) within human gastruloids, and T/Bra in mouse gastruloids, enabled us to 

examine the correct generation of germ layer lineages and the extent of axial polarity. 

Furthermore, we compared the data with those from existing 3D mouse and human in 

vitro models to see whether the gastruloid systems are able to advance the physiolog-

ical relevance compared to systems based on morphologically less structured embry-

oid bodies (43,147,155). 

2.3.3. Material & Methods 

2.3.3.1. Mouse Embryonic Stem Cell Culture 

Mouse embryonic stem cells were maintained as previously described, on gelatine-

precoated tissue culture plastic in ES+LIF (leukaemia inhibitory factor) medium (221). 

Cells were passaged at a density of 8 x 103 cells/cm2 every second day, with approxi-

mately two-thirds of the culture medium exchanged for fresh ES+LIF medium on the 

intervening days. The cell lines used in this study were E14Tg2A (222) and T/Bra::GFP 

(223). They were maintained in culture for at least two passages post-thawing prior to 

experimental use and they were propagated for no more than 30 passages in vitro. All 

cell counting during routine maintenance and experimentation was performed with an 

ORFLO Moxi Z mini automated cell counter (ORFLO Technologies, MXZ002). 

2.3.3.2. Mouse Gastruloid Culture 

Gastruloids were prepared by aggregating 300 mouse embryonic stem cells in 40 μl 

droplets of N2B27 (NDiffⓇ 227, Takara Bio Inc. Y40002) per well of U-bottomed 96-

well plates (Greiner 650185) as described previously (144). The following modifications 
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were made to the protocol. Cell cultures were plated into new flasks at a density of 

8 x 103 cells/cm2 in ES+LIF medium two days prior to preparing gastruloids. The cul-

ture medium was changed fully to 2i+LIF medium the following day as a 24-hour pre-

treatment. The compounds were administered to the gastruloids on plating and daily 

after aggregation was complete (at 0 h, 48 h, 72 h and 96 h post-plating). The com-

pounds were prepared fresh from frozen stocks in N2B27 culture medium at each time 

point.  

2.3.3.3. Human Embryonic Stem Cell Culture 

The human cell line used in this study was the ES cell line RUES2-GLR (mCit–SOX2, 

mCerulean–BRA, tdTomato–SOX17) (224). All cells were cultured in humidified incu-

bators at 37°C and 5% CO2. Human ES cells were cultured routinely in Nutristem hPSC 

XF medium (Biological Industries, 05-100-1A) on 0.5 μg/cm2 Vitronectin-coated plates 

(Gibco, A14700). Cells were passaged using 0.5 mM EDTA in phosphate-buffered sa-

line without Mg2+ or Ca2+ (PBS−/−) (Invitrogen, 15575-038). 

2.3.3.4. Human Gastruloid Culture 

Before human gastruloid culture, cells were passaged to single cell suspension and 

plated to achieve 65,000 cells per well of a 6-well plate in Nutristem supplemented with 

1:2,000 Y-27632 (ROCK inhibitor; Sigma Aldrich, Y0503) (225). Adherent cultures 

were pre-treated in Nutristem supplemented with 3.25 μM CHIR99021 (Chiron; Tocris 

Biosciences, 4423) and either 0.2% DMSO (vehicle), water (vehicle for penicillin G) or 

the different compound concentrations on the fourth day of adherent culture. After pre-

treatment for 24 h, cells were dissociated using 0.5 mM EDTA in PBS−/− (Invitrogen, 

15575-038), washed in PBS−/− and reaggregated in basal differentiation medium, Es-

sential 6 (E6; Thermo Fisher Scientific, A15165-01), supplemented with 1:2,000 Y-

27632 (ROCK inhibitor), 0.5 μM Chiron and either 0.2% DMSO, water (vehicles) or the 

different compound concentrations. Cell numbers were determined using an auto-

mated cell counter (Moxi Z Mini, ORFLO Technologies, MXZ002) and 400 cells per 

40 μl were added to each well of an ultra-low-adherence 96-well plate (CellStar, 

650970). The cell suspension was centrifuged using a benchtop plate centrifuge (Ep-

pendorf) at 700 rpm at room temperature for 2 min. The following day, 150 μl fresh E6 

medium was added to each well. The medium was exchanged for fresh E6 medium 

daily after this time point (150 μl per well).  
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2.3.3.5. Embryoid body based in vitro systems 

To evaluate the data from the gastruloid models, described protocols of the mouse 

embryonic stem cell test (mEST) (43) and a human 3D in vitro model (155) were used 

with comparable compound concentrations. Both of the in vitro systems depend on the 

application of three-dimensional embryoid body cultures derived from either mouse 

embryonic stem cells (mESC, ES-D3, ATCC, CRL-1934) or human episomal induced 

pluripotent stem cells (hiPSC, Gibco, A18945). The teratogenicity determination of the 

mEST is based on the half maximal inhibition of differentiation into beating cardiomy-

ocytes (ID50) and the human model focuses on the assessment of differential gene 

expression of early developmental markers within non-cytotoxic concentration ranges 

(TC20).  

2.3.3.6. Compound application and experimental design 

All compounds were reconstituted in sterile-filtered DMSO (Sigma-Aldrich D2438) ex-

cept for penicillin, which was diluted in water and then stored at -20ºC (see Tab. 1.3). 

The vehicle treatments used a concentration of DMSO or water equivalent to that of 

the highest DMSO or water concentration of the corresponding compound treatments. 

This ranged from 0.1-0.2% by volume DMSO and never exceeded 0.25%, and 0.8% 

by volume water. We used a small panel of compounds (Tab. 1.3) which represent 

both positive (all-trans retinoic acid, valproic acid, bosentan, thalidomide, phenytoin, 

ibuprofen) and negative (penicillin G) references. Classifications are based on data 

from ICH S5 (R3) guidelines (29) (Suppl. Fig. S1.3). Each experiment was repeated 3 

times for the RUES2-GLR and E14Tg2A cell lines and at least twice for the T/Bra::GFP 

line. The 96-well plate design, compound administration and timing of exposure can 

be seen in Figure 1.3. Widefield imaging data, describing both morphological shape 

changes over time and fluorescent reporter expression, was collected at 120 h time 

points in the mouse system, and at 72 h time points in the human system.  

2.3.3.7. Microscopy and Image Analysis 

Live imaging was conducted with a Nikon Ti-E widefield microscope equipped with a 

cooled CMOS camera (Orca Flash 4.0, Hamamatsu) with appropriate environmental 

controls (37ºC, 5% CO2; Okolab). Images were acquired through the Nikon NIS-

Elements software platform. Imaging datasets were first converted to TIFF format with 

NIS-Elements, before further manipulation with the FIJI ImageJ distribution to collate 
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montages per condition. Images of the mouse gastruloids were then cropped and the 

bit-depth of the images of both human and mouse gastruloids was reduced with cus-

tom ImageJ macros (details available on request). The 8-bit TIFF files were passed 

through a custom analysis pipeline, implemented in the Project Jupyter Python 3.6 

distribution (225). Input files of the mouse gastruloids were cropped to a size that fa-

vored optimal performance of the computer vision methods used by the pipeline. Quan-

tification contours were checked manually and the resulting measurements were cu-

rated by removing any measurements where the contours had failed to describe the 

shape of the human and mouse gastruloids accurately. 

2.3.3.8. Data Analysis and Statistics 

Curated datasets were handled in the RStudio R software environment using bespoke 

code and the ggplot2, ggpubr and rstatix packages. Quantification of morphology of 

mouse gastruloids and human gastruloids was based on contour circularity, overall 

area and inverse aspect ratio. The circularity measurement relates the area and pe-

rimeter of the contour to the ratio expected for a circle. The inverse aspect ratio meas-

urement describes the proportions of the gastruloid contour by first bounding its shape 

within a rectangle. In all cases, the shorter side was divided by the longer side to give 

a number less than or equal to 1. This metric therefore measures the similarity to a 

regular shape: circular contours have a value of 1 while more elongated structures 

have increasingly small values. Statistical comparisons were made between data from 

the control treatment and each experimental condition for each morphological metric. 

Student’s t-test was used for these comparisons with Bonferroni correction; adjusted p 

values are indicated with asterisks corresponding to 0 < p ≤ 1x10-4 (****), 1x10-4 < p ≤ 

0.001 (***), 0.001 < p ≤ 0.01 (**), 0.01 < p ≤ 0.05 (*) and p >0.05 (ns).  
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Table 1.3: Administered compounds and their respective treatment concentrations.  

*Phenytoin was soluble in DMSO at 200 mM but precipitates when mixed with PBS+/+, N2B27 or E6 

medium at concentrations higher than 20 μM. Classification based on EMA ICH S5 (R3) guidelines on 

reproductive toxicology (29). 

Compound Teratogenicity 

classification 

Treatment  

Concentrations 

(mouse)  

[X1, X2, X3] 

Treatment  

Concentrations  

(human)  

[X1, X2, (X3)] 

All-trans retinoic 

acid 

Positive 0.4 nM, 33 nM, 100 nM 0.4 nM, 33 nM 

Valproic acid Positive 4 μM, 333 μM, 1000 μM 4 μM, 333 μM 

Bosentan Positive 4 μM, 8 μM, 18 μM 4 μM, 8 μM 

Thalidomide Positive 0.4 μM, 11 μM, 100 μM 0.4 μM, 100 μM 

Phenytoin* Positive 1 μM, 5 μM, 20 μM 20 μM 

Ibuprofen Positive 63 μM, 120 μM, 250 μM 63 μM, 250 μM 

Penicillin G Negative 63 μM, 1 mM, 2 mM 63 μM, 1 mM, 2 mM 

 

 

Figure 1.3: Experimental design of mouse and human gastruloid treatment. Exposure times and 

conditions of mouse and human gastruloid treatments. Final endpoints for study representation were 

obtained either after 120 h (mouse) or after 72 h (human). DMSO and water were used as vehicle 

controls, and X1, X2, X3 refer to the various treatment concentrations of the compounds (see Tab. 1.3). 
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2.3.4. Results 

2.3.4.1. All-trans-retinoic acid 

Mouse gastruloids were treated with 0.15% DMSO (vehicle control) as well as concen-

trations of 0.4 nM, 33 nM and 100 nM all-trans retinoic acid (ATRA) (Tab. 1.3, 2.3). 

Treatment with 0.4 nM was sufficient to show significant inhibition of axial extension in 

mouse gastruloids compared to the controls at 120 h, whereas higher dosages (33 nM, 

100 nM) were associated with drastically reduced size, and gastruloids assumed a 

spherical shape without any axial elongation (Fig. 2.3b, c, Fig. 3.3a, Suppl. Fig. S3.3a). 

These observations were consistent across both lines tested, with an apparent loss of 

T/Bra::GFP expression in all ATRA-treated gastruloids (Fig. 2.3c). Dosages in excess 

of 0.4 nM are therefore likely to be cytotoxic or cytostatic in the mouse system. 

In contrast to these observations, human gastruloids treated with 0.4 nM retinoic acid 

appeared to maintain an equivalent representation of the three germ layers and under-

went partial axial elongation (Fig. 2.3d), although they were still significantly smaller 

and more circular than controls at 72 h (Fig. 3.3b). Concentrations of 33 nM retinoic 

acid completely inhibited axial extension and promoted the over-expression of SOX2, 

as observed by fluorescent signal (Fig. 2.3d). There was no detectable BRA expres-

sion across the three replicates. We also observed that, on average, 42% of human 

gastruloids treated with 33 nM retinoic acid expressed SOX17 at low levels, compared 

to 88% of DMSO controls, where expression was higher. Taken together, these results 

suggest a lowest observable adverse effect level (LOAEL) of 0.4 nM for both mouse 

and human gastruloids, albeit with slightly different observable effects. In comparison, 

maximum plasma concentrations of the lowest observed adverse effect level (LOAEL 

Cmax) in rats and rabbits range around 1 μM and human therapeutic plasma concen-

tration (human Cmax) is about 1.3 μM (Fig. 2.3a, Tab. 3.3) (29). We therefore compared 

our data with in vitro studies of mouse and human embryoid bodies (EB), which re-

vealed ID50 concentrations (half maximal inhibitory concentration of cardiomyocyte dif-

ferentiation) ranging between 3 nM (mEST) and TC20 concentrations (threshold con-

centration of 20% teratogenicity induction based on differential gene expression) of 

0.1 nM in hiPSC-derived EBs for ATRA, which corresponds well to the range of the 

gastruloid assay (Tab. 3.3, Suppl. Fig. S2.3).  
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2.3.4.2. Valproic acid 

Treatments with 4 μM valproic acid seemed to be fairly well tolerated in both the mouse 

and human gastruloid systems, albeit with an increase in circularity in the mouse, and 

a decrease in size in the human (Fig. 5.3a-b). Concentrations higher than 333 μM pro-

duced clearly spherical mouse gastruloids (Fig. 4.3b) of reduced size (Fig. 5.3a), indi-

cating a loss of axial elongation morphogenesis with impaired cell viability or prolifera-

tion at 1 mM exposure compared to DMSO controls. These observations were 

replicated in the T/Bra::GFP cell line, which maintained localised GFP expression after 

treatment with 4 μM valproic acid and did not show significantly increased circularity 

(Fig. 4.3c, Suppl. Fig. S3.3b). Higher concentrations resulted in smaller gastruloids, 

impaired elongation and a loss of GFP expression. Human gastruloids treated with 

333 μM valproic acid also failed to undergo axial elongation morphogenesis. On ex-

amining reporter expression, these gastruloids were found to show very low SOX2 

expression and elevated BRA expression in comparison to 0.2% DMSO (v/v) controls 

(Fig. 4.3d, Fig. 5.3b). These results indicate a common LOAEL of 333 μM for valproic 

acid (VPA) for both the mouse and human gastruloid systems. Compared to this, VPA 

studies in the mEST revealed an ID50 of 589 μM for the inhibition of D3 mouse cardio-

myocytes, whereas studies in human iPSC derived EBs revealed a TC20 of 85 μM 

(Tab. 3.3, Suppl. Fig. S2.3). By contrast, data for in vivo LOAEL Cmax are 1.6 mM in rat 

and 6.6 mM in rabbits, whereas human Cmax values are about 1.4 mM (Fig. 4.3a, Tab. 

3.3) (29). 

2.3.4.3. Bosentan 

Mouse gastruloids treated with 4 to 18 μM bosentan were slightly larger than controls, 

but did not appear to be defective in morphogenesis (Fig. 6.3b, Fig. 7.3a). Gastruloids 

generated from the T/Bra::GFP cell line cultured in the presence of bosentan showed 

robust GFP expression that was localised to the pole of the elongations, as observed 

in untreated controls (Fig. 6.3c). Morphologically, they were larger and more elongated 

than controls with 4 μM and 8 μM treatments (Suppl. Fig. S3.3c). Bosentan was pre-

dicted as a false negative with the mEST. Further investigation of the mouse system 

will be required to determine whether broader patterns of gene expression are dysreg-

ulated under comparable culture conditions. Similarly, human gastruloids treated with 

4 μM bosentan appeared to maintain representation of all three germ layers and axial 

elongation morphogenesis, although they were marginally smaller than DMSO-treated 
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gastruloids (Fig. 6.3d, Fig. 7.3b). At 18 μM, however, the human gastruloids appeared 

to lose expression of SOX17. We observed that, on average, 33% showed low levels 

of SOX17 expression in comparison to 88% of vehicle controls (0.2% DMSO (v/v)), 

where expression was higher (Fig. 6.3d, Suppl. Fig. S4.3a). The results from the hu-

man gastruloid cultures therefore suggest a LOAEL of 18 μM bosentan. This corre-

sponds well with the TC20 value for hiPSC-derived embryoid bodies that was deter-

mined at 13 μM. The in vivo LOAEL Cmax for bosentan is about 30 μM in rats and it 

showed no effects in rabbits (Fig. 6.3a, Tab. 3.3) (29). 

2.3.4.4. Thalidomide 

Mouse gastruloids treated with 0.4-100 μM ±-thalidomide were not significantly altered 

in either size or morphology (Fig. 8.3b, c, Fig. 9.3a, Suppl. Fig. S4.3b) for both lines 

tested. Increasing concentrations appeared to correlate with reduced GFP expression 

in the T/Bra::GFP cell line (100 μM). Thalidomide is false negative predicted with the 

mEST at concentrations up to 2 mM and did not show any inhibition of cardiomyocytes. 

Human gastruloids, on the other hand, showed clearly increased SOX2 expression 

following exposure to both 0.4 μM and 100 μM ±-thalidomide (Fig. 8.3d). This was ac-

companied by significant decreases in gastruloid size (Fig. 9.3b). These results sug-

gest a greater sensitivity of the human gastruloid system to exposure to ±-thalidomide, 

with a LOAEL for this system defined at 0.4 μM in human gastruloids and no observa-

ble morphological effect in mouse gastruloids at the concentrations studied. Investiga-

tions made with the human iPSC derived EB model revealed differential gene expres-

sion effects at TC20 concentrations <0.1 μM compared to DMSO vehicle controls (Tab. 

3.3, Suppl. Fig. S2.3). In vivo studies revealed a LOAEL Cmax of 19 μM in rats and 

8.4 μM in rabbits (29). Human therapeutic plasma concentrations are about 2.4 μM 

(Fig. 8.3a, Tab. 3.3). These results therefore suggest that gastruloids could be used to 

identify species-specific responses to chemical exposure. 

2.3.4.5. Phenytoin 

Mouse gastruloids treated with 1-20 μM phenytoin were not significantly different com-

pared to the vehicle-only controls in terms of size and morphology (0.1% DMSO (v/v); 

Fig. 10.3b, c, Fig. 11.3a, Suppl. Fig. S4.3c). The 20 μM treatment in the T/Bra::GFP 

line was the only exception, which was significantly smaller in these data. The expres-

sion of T/Bra::GFP appeared to be negatively correlated with increasing concentrations 
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of phenytoin (>5μM, Fig. 10.3c). Human gastruloids treated with 1-20 μM phenytoin-

maintained proportions and patterns of gene expression that were comparable to con-

trols (Fig. 10.3d, Fig. 11.3b). It would be reasonable to conclude that the 1-20 μM con-

centrations tested fall within the NOAEL (no observable adverse effect level) for these 

systems. Any follow-up study would be well-advised to use this compound in a different 

solvent that could allow higher concentrations of phenytoin to be used experimentally 

without precipitation. Particularly, inhibition of cardiomyocyte-differentiation has al-

ready been detected with the mEST at ID50 concentrations of 49 μM, while with the 

hiPSC-derived EB model we observed differential gene expression effects at TC20 con-

centrations of <8 μM for phenytoin. In vivo studies revealed a LOAEL Cmax of about 

106 μM in rats and 135 μM in rabbits (29). Human therapeutic Cmax is about 57 μM 

(Fig. 10.3a, Tab. 3.3). 

2.3.4.6. Ibuprofen 

Mouse gastruloids treated with 63-250 μM ibuprofen showed no consistent effect on 

growth or morphology in comparison to vehicle-only controls (0.12% DMSO (v/v); Fig. 

12.3b, c, Fig. 13.3a, Suppl. Fig. S5.3a). The 63 μM treatment resulted in significantly 

less circular gastruloids, while the 120 μM treatment resulted in significantly smaller 

gastruloids. The T/Bra::GFP reporter, however, showed a marked increase in expres-

sion with all ibuprofen treatments tested, indicating dysregulated gene expression in 

comparison to controls (Fig. 12.3c). Preliminary experiments showed that treatments 

in the range of 500 μM-2 mM were cytotoxic to both mouse and human embryonic 

stem cells (data not shown). On culturing human gastruloids in the presence of 63 μM 

ibuprofen, the expression of SOX2 seemed to be marginally elevated compared to 

vehicle-only controls (0.2% DMSO (v/v); Fig. 12.3d). Exposure at both 63 μM and 

250 μM produced gastruloids of reduced size and increased circularity (Fig. 13.3b). It 

would therefore seem that ibuprofen has a potential effect on expression of T/Bra in 

mouse and SOX2 in human gastruloids, with a LOAEL at 63 μM under these condi-

tions. The mEST predicted ibuprofen as negative whereas the hiPSC-derived EB 

model determined ibuprofen as positive substance at much higher concentrations, with 

a TC20 of 855 μM (Tab. 3.3, Suppl. Fig. S2.3). The LOAEL Cmax for ibuprofen in rats is 

about 1.6 mM and no effects have been observed in rabbits (29). Human therapeutic 

Cmax is about 286 μM (Fig. 12.3a, Tab. 3.3).  
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2.3.4.7. Penicillin G 

Penicillin was the only negative reference compound tested beside the DMSO or water 

vehicle controls to identify non-specific effects. Penicillin was tested at concentrations 

of 63 μM, 1 mM and 2 mM (diluted in water) in the mouse and the human gastruloid 

model (Tab. 1.3). Penicillin treatments of mouse gastruloids induced small morpholog-

ical changes resulting in slightly larger, more elongated or less circular gastruloids 

compared to the control. In human gastruloids there were minimal effects of increased 

size at concentrations of 63 μM and 1mM but no other morphological effects were 

detected. No observable adverse effects on reporter gene expression were detected 

up to the highest concentration levels in both systems (Fig. 14.3b-c, Fig. 15.3a-b, 

Suppl. Fig. S5.3b). These results are consistent with other in vitro and in vivo systems 

as well as with human data, where penicillin is not teratogenic within therapeutic con-

centration levels (Fig. 14.3a) (29). 

2.3.4.8. Gastruloid Patterning Disruption 

In summary, retinoic acid and valproic acid appear to be similarly teratogenic in both 

the mouse and the human gastruloid systems. The human system also identifies ±-

thalidomide and bosentan as potentially teratogenic on the basis of altered patterns of 

reporter gene expression. It would seem that ibuprofen has a more subtle effect in the 

63-250 μM range, with both systems pointing towards a possible adverse effect at 

higher concentrations and altered patterns of gene expression across this range. Fi-

nally, our results suggest that the range of phenytoin concentrations that were tested 

falls below the limit of detectable effect in the human system, inviting its reinclusion in 

any follow-up study (Tab. 2.3). The T/Bra::GFP reporter line in the mouse suggests 

that even these low concentrations of phenytoin may disrupt gene expression. In gen-

eral, the observed effects are consistent with the results of our previous study on 

hiPSC-derived EBs (155). When examining a comparable range of concentrations, we 

detected the inhibition of cardiomyocyte differentiation with the mEST and a human 

hiPSC-derived assay measuring quantitative changes in early developmental gene ex-

pression (Tab. 3.3, Suppl. Fig. S2.3). The small panel of reference compounds exam-

ined in this study showed variable concentration-dependent effects on gastruloids, with 

some interesting species-specific differences. Importantly, these differences could be 

quantified using our image analysis pipeline to identify statistically significant changes 

in morphology. Together these values can be used to develop a simple read-out metric 
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of the assay. Further specification of a defined threshold would enable binary cut-offs 

to be drawn from the continuous data output, that might provide valuable metrics for a 

generalized assay design (Fig. 16.3). 

Table 2.3: Summary of observed effects by compound concentration.  

Different concentrations of compounds with teratogenic and non-teratogenic profiles, treated on mouse 

and human gastruloids. Darker cell colors indicate more pronounced effects.  

 

 Mouse Gastruloids Human Gastruloids 

Retinoic  

acid 

0.4 nM 33 nM 100 nM 0.4 nM 33 nM 

Morphologi-

cal effect, 

Gene ex-

pression ef-

fect 

Morphological 

effect; Size 

reduction; 

Suspected 

cytotoxicity, 

Gene expres-

sion effect 

Morphological 

effect; Size re-

duction; Sus-

pected cytotox-

icity, Gene 

expression ef-

fect 

Small mor-

phological 

effect 

Morphological 

effect; Size re-

duction, Gene 

expression effect 

Valproic  

acid 

4 µM 333 µM 1 mM 4 µM 333 µM 

Small mor-

phological 

effect 

Morphological 

effect; Size 

reduction; 

Suspected 

cytotoxicity, 

Gene expres-

sion effect 

Morphological 

effect; Size re-

duction; Sus-

pected cytotox-

icity, Gene 

expression ef-

fect 

Minimal effect Morphological 

effect; Size re-

duction, Gene 

expression effect 

Bosentan 4 µM 8 µM 18 µM 4 µM 18 µM 

Minimal 

effect 

Minimal effect Minimal effect Minimal effect Morphological 

effect; Size re-

duction, Gene 

expression effect 

Thalido-

mide 

0.4 µM 11 µM 100 µM 0.4 µM 100 µM 

No effect No effect Gene expres-

sion effect 

Morphological 

effect; Size 

reduction, 

Gene expres-

sion effect 

Morphological 

effect; Size re-

duction, Gene 

expression effect 
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Phenytoin 1 µM 5 µM 20 µM 20 µM - 

No effect Gene expres-

sion effect 

Gene expres-

sion effect 

Minimal effect 
- 

Ibuprofen 63 µM 120 µM 250 µM 63 µM 250 µM 

Gene ex-

pression 

effect 

Gene expres-

sion effect 

Gene expres-

sion effect 

Morphological 

effect; Size 

reduction, 

Gene expres-

sion effect 

Morphological 

effect; Size re-

duction, Gene 

expression effect 

Penicillin G  63 µM 1 mM 2 mM 63 µM 1 mM 2 mM 

Minor effect Small mor-

phological 

effect 

Small morpho-

logical effect 

Minor effect Minor 

effect 

No 

effect 
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Table 3.3: Effective concentrations.  

The table shows the lowest observable adverse effect level (LOAEL) concentrations for mouse and 

human gastruloids in comparison with rat in vivo Cmax LOAEL data, ID50 values (half maximal inhibitory 

concentration of cardiomyocyte differentiation) detected by mEST or TC20 (threshold concentration 

where 20% of teratogenicity was detected by differential expression) from hiPSC-derived EBs, and the 

maximum human therapeutic plasma concentrations (Cmax) (29). 

 

 Mouse Human 

Compound mEST 

ID50 

mouse 

Gastruloid 

LOAEL 

rat  

in vivo 

LOAEL 

Cmax 

hiPSC- 

derived 

EBs TC20 

Human 

Gastruloid 

LOAEL 

human 

in vivo 

Cmax 

Retinoic  

acid 

3.7 nM 0.4 nM 1 μM <0.1 nM 0.4 nM 1.31 μM 

Valproic  

acid 

589 μM 333 μM 1.6 mM 85 μM 333 μM 1.4 mM 

Bosentan 68.2 μM n/a 30 μM 13 μM 18 μM n/a 

Thalidomide n/a 100 μM 19 μM <0.1 μM 0.4 μM 2.4 μM 

Phenytoin 0.39 μM 5 μM 106 μM <8 μM  n/a 57 μM 

Ibuprofen 49 μM 63μM 1.6 mM 855 µM 63 μM 286 μM 

Penicillin G n/a n/a n/a n/a n/a n/a 
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Figure 2.3: Gastruloids following all-trans retinoic acid exposure.  

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or all-trans retinoic acid (ATRA). (d) RUES2-GLR human gas-

truloids at 72h, following exposure to DMSO or ATRA. Color indicates fluorescent expression of BRA-

mCerulean (blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm 

(b, c) and 100 µm (d).  
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Figure 3.3: Gastruloid quantification following all-trans retinoic acid exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and all-trans 

retinoic acid (ATRA) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni cor-

rected. Adjusted p-values less than 0.05 are indicated by asterisks (see Materials and Methods for 

thresholds)).  
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Figure 4.3: Gastruloids following valproic acid exposure.  

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or valproic acid (VPA). (d) RUES2-GLR human gastruloids at 

72h, following exposure to DMSO or valproic acid. Color indicates fluorescent expression of BRA-

mCerulean (blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm 

(b, c) and 100 µm (d).  
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Figure 5.3: Gastruloid quantification following valproic acid exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and valproic 

acid (VPA) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Ad-

justed p-values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Figure 6.3: Bosentan exposure.  

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or bosentan (Btn). (c) RUES2-GLR human gastruloids at 72h, 

following exposure to DMSO or bosentan. Color indicates fluorescent expression of BRA-mCerulean 

(blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm (b, c) and 

100 µm (d). 
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Figure 7.3: Gastruloid quantification following bosentan exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and bosentan 

(Btn) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted p-

values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Figure 8.3: Thalidomide Exposure.  

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or thalidomide (TD). (d) RUES2-GLR human gastruloids at 72h, 

following exposure to DMSO or thalidomide. Color indicates fluorescent expression of BRA-mCerulean 

(blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm (b, c) and 

100 µm (d).  
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Figure 9.3: Gastruloid quantification following thalidomide exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and thalido-

mide (TD) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted 

p-values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Figure 10.3: Phenytoin Exposure.  

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig.S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or phenytoin (PH). (d) RUES2-GLR human gastruloids at 72h, 

following exposure to DMSO or phenytoin. Color indicates fluorescent expression of BRA-mCerulean 

(blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm (b, c) and 

100 µm (d). 
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Figure 11.3: Gastruloid quantification following phenytoin exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and phenytoin 

(PH) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted p-

values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Figure 12.3: Ibuprofen Exposure. 

(a) Literature-based exposure limits in different species in [µM] (o/o no effect/ NOAEL; o/o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to DMSO (vehicle control) or ibuprofen (IB). (d) RUES2-GLR human gastruloids at 72h, 

following exposure to DMSO or ibuprofen. Color indicates fluorescent expression of BRA-mCerulean 

(blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm (b, c) and 

100 µm (d).  
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Figure 13.3: Gastruloid quantification following ibuprofen exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between DMSO (vehicle control) and ibuprofen 

(IB) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted p-

values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Figure 14.3: Penicillin G Exposure.  

(a) Literature-based exposure limits in different species in [µM] (o no effect/ NOAEL; o teratogenic/ 

LOAEL, see Suppl. Fig. S1.3). (b-c) E14Tg2A (b) and T/Bra::GFP (c) mouse gastruloids at 120h, follow-

ing exposure to water (vehicle control) or penicillin G (Pen). (d) RUES2-GLR human gastruloids at 72h, 

following exposure to water or penicillin G. Color indicates fluorescent expression of BRA-mCerulean 

(blue), SOX2-mCitrine (yellow) and SOX17-tdTomato (red). Scale bars represent 200 µm (b, c) and 

100 µm (d). 
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Figure 15.3: Gastruloid quantification following penicillin G exposure.  

Quantification of morphology of mouse gastruloids (a), and human gastruloids (b) including Area (top), 

Circularity (middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and box-

plots indicate spread of the data. Significant differences between water (vehicle control) and penicillin 

G (Pen) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted 

p-values less than 0.05 are indicated by asterisks; see Materials and Methods for thresholds). 



152 

 

Figure 16.3: Using quantitative morphological features as threshold criteria. Density plots of mouse gastruloids (a) and human gastruloids (b) following 

exposure to each compound. Color indicates treatment compound. Arbitrary 1/Aspect Ratio thresholds of 0.75 for mouse and 0.8 for human gastruloids are 

drawn (dotted red lines). Percentages (right) of gastruloids above this threshold are shown, and colored by proportion. Btn, Bosentan; RA, Retinoic Acid; VPA, 

Valproic Acid; TD, Thalidomide; IB, Ibuprofen; PH, Phenytoin.
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2.3.5. Discussion  

From this small proof-of-concept study, we conclude that gastruloids might represent 

a useful tool to assess the effect of compound exposure (in a concentration-dependent 

manner) on cell differentiation, viability and tissue morphology in a developmental con-

text. This is a particular advantage of using a 3D embryo-like model system with spa-

tiotemporal organization of gene expression, since the gastruloids have intrinsic pat-

terning that mirrors elements of the gastrulating embryo (57,144,151). Although 

embryoid body systems reflect cellular differentiation into all three germ layers, the 

gastruloid systems involve the additional asset of spatiotemporal organization and 

morphological rearrangement (155,226,227). Here we were able to combine these em-

bryo-like gastruloid models with a toxicological context by assessing morphological 

perturbations following chemical exposure with multiple phenotypic readouts.  

Further experimentation with a wider range of concentrations, a greater number of 

compounds and different dosing regimens would be required to definitively examine 

the ability of the gastruloids to provide a comprehensive assay for in vivo prediction of 

teratogenicity or toxicity. An extension to the work in this manner would allow quanti-

tative estimates of assay specificity, sensitivity and accuracy to be identified, which are 

currently beyond the scope of a study of this size.  

However, the results identified here allow for tentative comparisons to be made with 

existing datasets from animal models or comparative in vitro assays such as EB differ-

entiation. When examined in comparison with such datasets, the gastruloids appear to 

be able to distinguish between known teratogens (such as valproic acid and retinoic 

acid) and those that are less teratogenic (ibuprofen) or non-teratogenic (penicillin G) 

(27,95,101,120,196,228,229). They are even able to recapitulate known species-spe-

cific sensitivities such as the human-specific effect of thalidomide (17,21,23) and can 

highlight subtle changes in developmental gene expression (bosentan, thalidomide, 

phenytoin).  

It is clear that there is a range of informative outputs from the assay that describe the 

effect of the compound, including: morphological shape changes (circularity, lack of 

elongation, size effects - as seen with lower concentrations of retinoic acid in the 

mouse system), gene expression effects (such as the decrease in SOX2 expression 



154 

in human gastruloids following exposure to higher concentrations of valproic acid, 

which interferes with neurogenesis), and cytotoxicity effects (such as those seen with 

exposure to high concentrations of retinoic acid or valproic acid in mouse gastruloids) 

(230). This suggests that the system can be used to distinguish non-specific effects on 

cell viability and replication from more specific changes to patterns of gene expression 

or axial elongation morphogenesis. Together these provide a reference framework of 

different levels of observable effect that can be used to gauge the response of the 

system (see Table 2.3).  

Interestingly, we also observed that the human gastruloid model has shown to be more 

sensitive regarding compound exposure in comparison to the mouse gastruloids. This 

could be due to species-specific effects upon exposure to certain teratogens. Alterna-

tively, the higher sensitivity of the human gastruloids might also be due to a greater 

informational content of the data by using triple reporters as readout. Different effects 

might also be caused by different duration of compound exposures to the mouse gas-

truloids (120 h) compared to the human gastruloid (72 h). However, this observation is 

corroborated by results from previous in vitro studies, performed with mouse and hu-

man embryoid body-based systems like the mEST and the hiPSC-derived EB model 

with extended treatment durations, where human EBs tend to be more sensitive to 

exposures compared to the murine EBs (Tab. 3.3).  

All teratogens were correctly identified with the human gastruloid model whereas the 

mouse model only predicted adverse morphological effects for retinoic acid and 

valproic acid. The mouse model predicted adverse effects on gene expression from ±-

thalidomide, phenytoin and ibuprofen with less pronounced morphological changes. 

The negative reference compound penicillin G caused only minor adverse effects in 

lower concentrations. The lowest observed adverse effect concentration levels where 

morphological changes were obtained with the gastruloid models were consistently 

comparable to the inhibitory concentrations of existing mouse (ID50) and human in vitro 

models (TC20, Tab. 3.3, Suppl. Fig. S2.3).  

In this context, it would be necessary to compare the LOAEL concentrations obtained 

by both gastruloid models with in vivo parameters to set up translational extrapolation 

models for pharmacokinetics (231,232). With the limited range of tested concentra-

tions, we observed three to six-fold lower LOAEL concentrations of the gastruloids 

compared to in vivo Cmax data. Retinoic acid was an exception, which was detected as 
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positive with more than 2,500-fold lower LOAEL concentrations in the mouse gastru-

loids compared to rat LOAEL. Cmax and human therapeutic plasma concentrations 

were also about 3,000-fold higher than the LOAEL concentration of human gastruloids 

(Tab. 3.3). However, it is necessary to consider that for some compounds, there is a 

high plasma protein binding (e.g., valproic acid ≥90%, phenytoin 90%). Thus, free frac-

tions of unbound compound (e.g., VPA ~0.3 - 0.5 mM, phenytoin ~3 – 9 µM) reflect 

human therapeutic concentrations more appropriately, when they are set into correla-

tion with free in vitro concentrations of the human gastruloid model, since the E6 hu-

man gastruloid medium is free of serum albumin (233-235). 

Given the fact that the gastruloids are grown in 96-well plates and assessed using a 

plate-based imaging system, there is significant scope for automation and increased 

throughput in gastruloid generation, imaging and analysis if required. Moreover, imple-

mentation of an integrated cytotoxicity assessment to predefine concentration ranges 

that do not cause impaired cell viability but still induce teratogenic effects, would be 

beneficial for cytotoxic ranges that are not well described. This would subsequently 

allow for quantitative assessment additional to size determination or circularity of the 

gastruloids (87,130). The setup of quantitative thresholds for cytotoxicity and morpho-

logical dysregulation will be crucial for the establishment of a comprehensive prediction 

model. Towards this end, close examination of the proportion of gastruloids under a 

threshold value of elongation (arbitrary threshold used for demonstration purposes), 

gives a quick metric output that could serve as a proxy for morphological effects fol-

lowing compound exposure. Such values could be used to design simple yes/no pass 

criteria for a given compound exposure and provide proof-of-concept for the assay 

(Fig. 16.3). These thresholds can be determined empirically by contrasting known ter-

atogens to known non-teratogens. Establishing this classification framework will ena-

ble the unbiased classification of compounds with unknown teratogenic status and it 

would be a valuable extension of an automated analytical workflow.  
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2.3.6. Conclusion 

With this study, we have shown that the gastruloid system represents a useful tool for 

the determination of teratogenic effects during development. Based on a reference 

panel of seven different compounds we have described morphological and gene ex-

pression changes dependent on compound exposure. We were able to differentiate 

between positive and negative outcomes and even detected species-specific effects. 

As such, gastruloids represent a novel and potentially powerful assay for teratogenic 

exposure that utilizes the embryo-like spatiotemporal organization and morphological 

structure in both mouse and human cell systems. Future efforts could include an ex-

tended panel of compounds from different chemical classes with known and unknown 

teratogenicity, and could establish a clear, quantitative metric for teratogenic and cyto-

toxic effects as a predictive classifier.  
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are non-intact, non-autonomous, and non-equivalent to in vivo human embryos, and 

do not have human organismal potential. Our research was subject to review and ap-

proval from the Human Biology Research Ethics Committee of the University of Cam-
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2.3.10. Supplementary 

 

Supplementary Figure S1.3: In vivo exposure assessment of reference compounds.  

Using data from the literature (29,50,87), the concentrations at which No Observable Adverse Effect 

(NOAEL) and Lowest Observable Adverse Effect (LOAEL) were identified in different species can be 

seen in the graphic, alongside their given status as a teratogen as identified by the EMA ICH S5 (R3) 

guideline (29). The Cmax concentration, at which therapeutic value is observed in humans, is also plotted, 

to provide an indication of likely exposure levels in vivo. 
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Supplementary Figure S2.3: Concentration Response curves for treatments of hiPSC-derived 

EBs.  

The graphs represent compound concentration dependent responses of viability (blue) up to a maximum 

accepted cytotoxicity threshold of 20% viability inhibition and concentration response curves of terato-

genicity levels (red) induced by differential gene expression of representative early developmental mark-

ers (74). The effective teratogenicity concentration (TC20) is determined by a minimal threshold of 20% 

differential gene expression compared to DMSO or water (penicillin G) as vehicle control. 
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Supplementary Figure S3.3: T/Bra::GFP mouse gastruloid quantification following retinoic acid, 

valproic acid and bosentan exposures.  

(a-c) Quantification of morphology of T/Bra::GFP mouse gastruloids including Area (top), Circularity 

(middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and boxplots indicate 

spread of the data. Significant differences between DMSO (vehicle controls) and all-trans retinoic acid 

(ATRA) (a), valproic acid (VPA) (b), or bosentan (Btn) treatment conditions are indicated in the plots 

(Student’s t-test, Bonferroni corrected. Adjusted p-values less than 0.05 are indicated by asterisks (see 

Materials and Methods for thresholds)). 
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Supplementary Figure S4.3: Effect of bosentan treatment on SOX17 expression in human gas-

truloids and T/Bra::GFP mouse gastruloid quantification following thalidomide and phenytoin 

exposures.  

(a) RUES2-GLR human gastruloids at 72h, following exposure to DMSO (vehicle control) or 18μM 

bosentan (Btn). Color indicates fluorescent expression of SOX17-tdTomato (red). Scale bars 100 μm. 

(b-c) Quantification of morphology of T/Bra::GFP mouse gastruloids including Area (top), Circularity 

(middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and boxplots indicate 

spread of the data. Significant differences between DMSO and thalidomide (TD) (b) or phenytoin (PH) 

(c) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni corrected. Adjusted p-

values less than 0.05 are indicated by asterisks (see Materials and Methods for thresholds)). 
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Supplementary Figure S5.3: T/Bra::GFP mouse gastruloid quantification following ibuprofen and 

penicillin G exposures.  

(a-b) Quantification of morphology of T/Bra::GFP mouse gastruloids including Area (top), Circularity 

(middle) and 1/Aspect Ratio (bottom). Dot colors indicate experimental replicates, and boxplots indicate 

spread of the data. Significant differences between DMSO or water (vehicle controls) and ibuprofen (IB) 

(a) or penicillin G (Pen) (b) treatment conditions are indicated in the plots (Student’s t-test, Bonferroni 

corrected. Adjusted p-values less than 0.05 are indicated by asterisks (see Materials and Methods for 

thresholds)). 
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3. Discussion 

Since the tragedy of thalidomide in the late 1950s, the way in which drug candidates 

are tested for developmental and reproductive toxicology has dramatically changed 

(16). Nevertheless, though it is known that species-specific effects could lead to un-

certain or false classifications, the prediction of human teratogenicity still depends on 

animal in vivo EFD studies (29,236). This is problematic because mammalian species 

differentiate not only in their physiological properties, but also in embryonic develop-

ment. Distinct mechanisms of gene expression regulation together with many con-

served processes contribute to morphogenetic changes (237,238). Therefore, the in-

corporation of in vitro models, which depict human developmental biology, could 

complement existing teratogenicity prediction paradigms. Moreover, alternative in vitro 

models could be used to pre-select teratogenic compounds in early phases of phar-

maceutical development and thus reduce animal testing in accordance to the 3R prin-

ciples (reduce, replace, refine) (40). 

Previous studies use either metabolomics readouts (50,239) or lineage specific end-

points (51,72) of human derived cells for teratogenicity prediction. Given that embry-

onic development is fundamentally controlled by gene regulation, the scope of this 

thesis was the establishment of a human in vitro model that is able to predict terato-

genicity based on a holistic assessment of developmental marker expression with re-

spect to all lineages (66-68).  

The three presented studies collectively identified and investigated key parameters for 

the development of a relevant human based in vitro model. The work led to improved 

predictivity compared to the routinely used, current industrial standard mEST assay. 

We found that teratogens and non-teratogens can be distinguished based on the dif-

ferential gene expression of early developmental markers obtained from differentiating 

EBs (155). Moreover, we have shown that the relevant parameters for teratogenicity 

prediction, which we identified by statistical and machine-learning methods, are con-

ceptually and biologically interconnected to each other. The application of these meth-

ods not only served to find the most predictive algorithm for the detection of teratogenic 

compounds, it also revealed the importance of the underlying biology. The results un-

derline the importance of considering all the specific germ-layer genes that are relevant 

for developmental processes and in teratogenic dysregulation.  
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We were able to verify our initial hypothesis of using only specific developmental mark-

ers for the establishment of a predictive teratogenicity model. Interestingly, the ex-

panded marker panel did not show higher predictive value compared to the specified 

germ-layer markers. It suggests that germ-layer markers embody essential information 

that is relevant for teratogenicity prediction. Another interesting finding is that early 

development can be disturbed by affecting one or few key regulators in a very early 

stage of cell fate progression, thereby confirming previous studies (240,241). Moreo-

ver, we observed clear differences in the subset of genes relevant for teratogenicity 

prediction compared with genes relevant for cytotoxicity prediction, which further 

strengthened our hypothesis that teratogenicity is a consequence of a different tran-

scriptional program from the one that controls cytotoxicity. 

Human embryonic development is an extremely complex process and much remain 

unknown. Our working hypothesis is that the better we are able to model the process 

with simplified yet relevant models, the better we may become at predicting dysmor-

phogenic perturbation by teratogens. The complexity of the model system is con-

strained by the fidelity of the biology on one hand, and the assay throughput and its 

interpretation on the other hand. With increasing complexity, alternative systems are 

becoming more difficult to be tested in high throughput and to be interpreted. There-

fore, we strived to identify a balanced model that both elucidates the most important 

mechanistic regulatory paths and delivers valid and robust readout. In this context, 

gene expression profiling and machine-learning models served not only to find the best 

features for the construction of a reliable prediction model. They also helped to high-

light both the advantages and limitations, shedding light on future directions to further 

improve the predictive potential of the assay.  

Concentration selection for in vitro testing is challenging. This applies particularly to 

teratogenicity prediction, where the difficulty is to identify teratogenic yet non-cytotoxic 

concentrations, at which the test compound may cause developmental impairment 

apart from cytotoxic effects. This consideration is especially important for therapeutic 

applications (242). Generally, effective teratogenicity or cytotoxicity was mainly ob-

served in much lower concentration ranges with the human model compared to the 

murine assay (mEST), which might be indicative for a more sensitive detection, espe-

cially to highly active pharmaceuticals. However, we also observed unspecific signals 

of teratogenicity at concentrations within a non-cytotoxic range (71). This caused sev-

eral false positive results and decreased the overall specificity of the model.  
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In follow-up studies it may be helpful to expand the testing range, diluting compound 

concentrations down to very low concentrations for determination of no observed ad-

verse effect levels (NOAEL). 

Additionally, the TeraTox model revealed that genes representing the ectodermal layer 

are strongest correlated with each other, followed by mesodermal and endodermal 

markers. These observations recapitulate findings from other studies conducted with 

spontaneously differentiated EBs and the prevalence of ectodermal characteristics 

might be in accordance with biological physiology at this time point but might also be 

influenced by a feeder-layer-free cell cultivation method (74).  

We also observed that representative markers of ectodermal differentiation and mark-

ers for self-renewal were most relevant for the prediction of teratogenicity whereas 

markers representative for mesodermal or endodermal development did not have such 

an impact. We used hiPSC derived EBs since they represent a useful tool to study 

developmental processes due to their ability to differentiate into all three germ layers 

(47,68). Although reprogrammed hiPSC propose similar properties of pluripotency and 

multilineage differentiation similar to human embryonic stem cells, they can also reflect 

a certain donor-dependent bias in their differentiation propensity (48,243). Therefore, 

these findings could indicate such a differentiation bias towards the ectodermal germ 

layer and further investigation needs to be done to study if this tendency has a signifi-

cant impact on the predictive performance of the system. Otherwise, a reassessment 

of the final assay endpoint (later than day 7) or change of culture conditions need to 

be considered to reduce any prevalence of certain lineage markers or differentiation 

propensity. Moreover, it is necessary to consider that hiPSC derived EBs might not 

always reflect the same transcriptional profiles and patterning like embryos of blasto-

cyst or gastrula stage and will still remain an artificial model of embryonal development 

(216,244).  

Human iPSC-derived EBs are a reproducible and easily up-scalable tool for the as-

sessment of deregulated gene expression in terms of differentiation (245,246). Hence, 

the evaluation of transcriptomic alterations combined with determination of cytotoxicity 

is an important component for teratogenicity assessment. However, EBs are disor-

ganized 3D cell aggregates and do not fully reflect the overall features of embryonal 

development (227). Particularly in terms of a strong tissue heterogeneity of the EBs or 

gene responses, which might not all be clearly linked to developmental perturbations 
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as well as with regard to low information on morphological conditions and accordance 

to the timing of physiological embryogenesis, there are additional parameters neces-

sary to determine dysmorphogenic responses more specifically. Thus, we wanted to 

include a phenotypic readout that directly refers to the teratogen-interfered impair-

ments by a morphological readout.  

For this reason, human and mouse gastruloids have been tested to see whether con-

centration-dependent morphological changes that are induced by developmental toxi-

cants are observable. Gastruloid models utilizing the self-organizing potential of cells 

to generate three-dimensional structures and recapitulate elements of the early em-

bryo within a micro-physiological environment (227). Gastruloids have reproducible 

proportions and spatiotemporal organization of gene expression, which are easy to 

visualize and quantify. We were able to visualize these spatial patterns by using SOX2 

(neuroectoderm), SOX17 (endoderm), and BRA (mesoderm) as reporter genes. These 

are key benefits over traditional monolayer in vitro models or embryoid body cultures, 

which do not show the same properties of morphological self-organization and which 

differentiate more in an unstructured composition. Compared to the 3D spheroid sys-

tem, the gastruloids offer not only an experimentally tractable system to explore the 

effect of a range of perturbations that may affect cell lineage differentiation and signal-

ling over a certain time course, but they also show morphology, cell viability, and 

growth within a single in vitro model (57,144,212).  

In a system where temporal and spatial patterning leverage a more sophisticated in-

fluence on molecular interactions, the readout is assumed to be more precise. Espe-

cially in terms of a reliable phenotypic readout in combination with molecular insights, 

this will elucidate the processes of teratogenicity in a more comprehensive way and 

subsequently improve the level of predictivity with regard to future studies.  
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4. Conclusion & Outlook 

In summary, the three studies presented demonstrate that both gene expression and 

morphogenic alterations of an in vitro embryo-development model can be used to de-

termine the teratogenic potential of test compounds. We revealed a strong causal cor-

relation between the regulation of germ-layer specific markers and teratogenic sub-

stances.  

We report that a panel of specific markers of early embryonal development are predic-

tive for teratogenicity determination. With several statistical analyses and machine 

learning approaches, we characterized critical characteristics for the in vitro identifica-

tion of teratogen-induced genetic or morphogenic dysregulation away from normal de-

velopment under corresponding exposure levels (155). These insights were used for 

the establishment of a human-relevant assay, which was validated based on 45 com-

pounds. The assay showed superior predictivity compared to the regularly applied 

mouse embryonic stem cell test. As we also observed that teratogenicity cannot solely 

be explained by gene expression patterns without any consideration of phenotypes, 

we have tested gastruloids in a proof-of-concept study as more sophisticated develop-

mental model in contrast to EBs to discover morphological readouts for the determina-

tion of developmental toxicity (212).  

We presented the largest compilation of compounds for in vitro testing of teratogenicity 

based on in vivo data. It addresses a critical issue prior to our study, namely that an 

overall lack of human reference compounds for teratogenicity negatively impacts the 

development of human in vitro models for the detection of teratogen substances. Fur-

ther cross validation with other human in vitro models is warranted (46).  

Our models shared limitations with other in vitro models. They were directly exposed 

to parental compounds without any active metabolization, first pass effect or placental 

activity contrary to the in vivo situation (247). Notably, active metabolites might not 

always have comparable (toxic or non-toxic) properties as their parental compounds. 

These facts could indeed have an influence on compound classification, specifically in 

terms of relevant exposures, which we tried to address by treatments with comparable 

physiological concentration ranges and the usage of small molecules that have been 

widely described to be either teratogenic or non-teratogenic to human embryos. How-

ever, there are also evident species differences in drug metabolism, thus in vivo data 
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on active metabolites of rats and rabbits also cannot be directly translated to any hu-

man physiological effects (248,249). The structure of the human placenta is also quite 

specific compared to other species (250,251). Therefore, we think that it is even more 

crucial to invest in the development of human-relevant in vitro systems to observe such 

differences. In future, we would probably reveal toxicological processes better if the 

model was combined with data on active drug metabolism, implementation of hepatic 

metabolization systems (142) or integration of a trans-placental barrier system 

(214,215).  

We can envision multiple ways to improve our models. Additional bioanalytical charac-

terization of effective concentrations would be crucial to explain detailed compound 

distribution within the test system. Moreover, determination of pharmacodynamic and 

pharmacokinetic parameters by measuring e.g., intracellular concentrations or com-

pound binding, will be necessary to establish appropriate in vitro / in vivo extrapolation 

models with regard to human physiology. In a follow-up study, it would be necessary 

to include an extended panel of positive and negative compounds from different chem-

ical classes with known and unknown teratogenicity but also to incorporate clear con-

centration-dependent thresholds to distinguish between teratogen and cytotoxic ef-

fects. Moreover, it might be reasonable to combine both, a transcriptomic assessment 

of deregulated genes based on the specific panel of early developmental markers to-

gether with the reporter gene assessment in the human gastruloid model to directly 

connect genetic responses with morphological outcomes. Additionally, to this it will be 

worthwhile to reduce any morphological variability in the formation of the gastruloids, 

by an automated and standardized culture and treatment process to improve their 

structural reproducibility.  

Looking forward, more work is warranted to gain biological insights from the model. 

The impact by epigenetic regulation is currently completely unclear and might be of 

interest for future studies. In future, especially in terms of human specific teratogenicity 

assessment, it would be essential to have a deeper look into all the different regulatory 

networks that are affected directly or indirectly by several chemical classes of devel-

opmental toxicants. It will be necessary to investigate chemical features in future stud-

ies, which are underlying the induction of developmental impairments and to under-

stand the mechanisms behind them much better by correlation of transcriptomic 

patterns with the mode of actions or specific chemical target structures.  
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Investigations of spatial single-cell transcriptomics might be an option to understand 

the individual mechanisms behind the transcriptional dynamics (259,260). 

With this human iPSC derived in vitro system and the development of the TeraTox 

assay, we have set up a practical tool for drug discovery and toxicity evaluation. Pre-

viously outlined adaptations will be helpful to get a deeper understanding of develop-

mental and reproductive toxicology characterization beyond animal in vivo studies. For 

this reason, we call further work to improve specificity parameters by combining ad-

vanced morphological and -omics readouts to capture signals underlying teratogenicity 

more specifically. Moreover, it will be necessary to invest in long-term studies of the 

presented model to verify its reliability and robustness in a daily routine. With the rou-

tine implementation of the TeraTox assay for the pre-clinical teratogenicity screening, 

we are convinced that we will learn more and appreciate its value as a human relevant 

in vitro model for teratogenicity prediction. 
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