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1. Summary 

Current assessments of neurotoxicity (NT) and developmental NT (DNT) using animal models 

lack throughput and predictivity. These central drawbacks need to be overcome by the devel-

opment of functional and mechanistic in vitro methods that increase human relevance and 

throughput for safety assessment. 

Paper #1 demonstrates the development of an in vitro assay that specifically detects neurite 

damage. This test, called NeuriTox test, is based on the conditionally immortalized human 

dopaminergic neuronal cell line LUHMES. The NeuriTox test was converted to a high-through-

put version. In a proof-of-concept study, a chemical library containing 80 substances was 

screened. Test performance parameters were quantified, a prediction model and standard op-

erating procedures (SOP) were developed and submitted to DB-ALM, the database for alter-

native test methods at the European Centre for Validation of Alternative Methods. Further on, 

the test was evaluated, together with the U.S. Environmental Protection Agency (US EPA), as 

one of the best currently available in vitro assays for neurotoxicity assessment.  

Paper #2 focused on the metabolic background of the LUHMES cells used for the NeuriTox 

test. We quantified the rearrangements that occur between the immature proliferative and the 

mature, differentiated stage. By applying transcriptomics, proteomics, metabolomics and flux-

omics, we discovered multiple rearrangements on all investigated biological layers. The most 

important changes occurred on the metabolic level. A dependency on extracellular glutamine 

was found for proliferating cells, but not for mature neurons. Proliferating cells also displayed 

a pronounced glycolytic metabolism with no spare glycolytic and mitochondrial capacities. 

Therefore, they were more sensitive for inhibitors of mitochondrial metabolism than mature 

neurons, while no sensitivity difference was observed for non-specific toxicants. Thus, we un-

raveled a toxicant sensitivity dependent on the differentiation-stage. 

In paper #3, the knowledge on the dominant glycolytic metabolism of the immature LUHMES 

cells was used to improve the sensitivity of the NeuriTox test to mitochondrial toxicants. By 

exchanging the medium sugar from glucose (Glc) to galactose (Gal), strong metabolic repro-

gramming of LUHMES cells was achieved without affecting functional parameters, as e.g. neu-

rite outgrowth kinetics. The performance of the Glc-Gal NeuriTox test was examined with 50 

compounds. It showed high sensitivity and specificity to detect both, mitochondrial toxicants 

and neurotoxicants. For the mitochondrial toxicants, an independent hit follow-up assay was 

developed to specify the mitochondrial mode of action, on the level of respiratory chain com-

plex impairment.  

To address an important problem about in vitro screen data obtained here and in databases, 

the discussion suggests a universal concept for probability based hazard assessment. It over-

comes the binary hazard classification of test substances as toxic vs non-toxic. 
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2. Zusammenfassung 

Die derzeit gängige Praxis zur Feststellung von Neurotoxizität (NT) und Entwicklungsneuroto-

xizität (DNT), welche auf Tierexperimenten basiert, kann weder den Anforderungen bezüglich 

Vorhersagekraft noch bezüglich Probendurchsatz standhalten. Um diese fundamentalen 

Nachteile zu überwinden, müssen funktionale und mechanistische in vitro Methoden entwickelt 

werden, die sowohl einen deutlich höheren Probendurchsatz ermöglichen, als auch die Sicher-

heitsbeurteilung von Substanzen relevanter für den Mensch machen. 

Publikation #1 erläutert die Entwicklung eines solchen in vitro Tests, welcher spezifisch neuri-

tenschädigende Substanzen identifiziert. Dieser sogenannte NeuriTox Test basiert auf der 

konditionell immortalisierten menschlichen neuronalen Zelllinie LUHMES. In der Publikation 

wird die Weiterentwicklung des NeuriTox Tests zu einem Hochdurchsatztest beschrieben und 

anhand der Testung einer 80 Substanzen umfassenden Substanzbibliothek die praktische An-

wendbarkeit des Tests demonstriert. Aus dieser Konzeptstudie wurden deskriptive Leistungs-

parameter quantifiziert, ein Vorhersagemodell entwickelt und ein standardisiertes Durchfüh-

rungsprotokoll (SOP) generiert. Die SOP wurde vom Europäischen Zentrum zur Validierung 

von Ersatzmethoden (ECVAM) geprüft und in dessen dedizierter Datenbank, der DB-ALM (Da-

tenbank für alternative Testmethoden zum Tierversuch), aufgenommen. Des Weiteren wurde 

der NeuriTox Test hinsichtlich seiner Anwendbarkeit zur Beantwortung regulatorischer Frage-

stellungen von einem internationalen und unabhängigen Expertenkomitee, dem unter ande-

rem Gesandte der US-Amerikanischen Umweltschutzbehörde (US EPA) angehörten, geprüft 

und als einer der besten verfügbaren in vitro Tests befunden.  

Publikation #2 beschreibt die metabolische Charakterisierung des LUHMES Zellen, auf wel-

chen der NeuriTox Test basiert. In der Studie wurden die Veränderungen quantifiziert, die 

während der Differenzierungen von proliferierenden Vorläuferzellen zu reifen, ausdifferenzier-

ten Neuronen ablaufen. Es wurden Veränderungen auf Ebene von Proteinen (Proteomics), 

Genen (Transcriptomics) und des Stoffwechsels (Metabolomics und Fluxomics) nachgewie-

sen, wobei die größten Unterschiede auf der Ebene des Metabolismus zu finden waren. Es 

konnte eine Abhängigkeit der proliferierenden Vorläuferzellen von Glutamin entdecken, sobald 

die Zellen differenzierten, ging die Abhängigkeit verloren. Des Weiteren konnte gezeigt wer-

den, dass der Metabolismus proliferierender LUHMES Zellen stark glykolytisch ist und diese 

weder auf glykolytischer noch auf mitochondrieller Ebene freien Kapazitäten haben. Daraus 

abgeleitet, wurde eine erhöhte Sensitivität der proliferierenden Zellen gegenüber mitochondri-

ellen Toxikantien identifiziert. Gegenüber Toxikantien die nicht den mitochondriellen Stoff-

wechsel inhibierten, waren LUHMES beider Differenzierungsstadien ähnlich sensitiv.  

In Publikation #3 wurde, die Ergebnisse hinsichtlich des stark glykolytischen Stoffwechsels der 

proliferierenden LUHMES Zellen genutzt, um die Sensitivität des NeuriTox Tests so weiterzu-

entwickeln, dass dieser mitochondrielle Toxikantien besser identifiziert.  Dies wurde dadurch 

erreicht, dass die Zuckerquelle im Zellkulturmedium von Glukose (Glc) auf Galaktose (Gal) 

geändert wurde. Als Reaktion adaptierten die Zellen ihren Stoffwechsel hin zur verstärkten 

Nutzung ihrer Mitochondrien, jedoch ohne, dass dadurch andere funktionelle Parameter wie 
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z.B. die Auswachskinetik der Neuriten, beeinflusst wurde. Die Leistungsfähigkeit des neuen, 

adaptierten Glc-Gal-NeuriTox Tests wurde anhand einer 50 Substanzen umfassenden Pro-

jektstudie erfasst. Der derart veränderte Test zeigte eine deutlich erhöhte Sensitivität und Spe-

zifität zur Detektion von sowohl Neurotoxikantien als auch mitochondriellen Toxikantien. Um 

im Detail aufzuklären, welcher Mechanismus den als mitochondriellen Toxikantien identifizier-

ten Substanzen zu Grunde liegt, wurde ein Nachfolgetest entwickelt, mit welchem diese Fra-

gestellung, auf dem Level der einzelnen, in die Zellatmung involvierten Proteinkomplexe, be-

antwortet werden kann. 

Eine zentrale Herausforderung der Interpretation toxikologischer Daten, welche immer nur in 

Modellsystemen erfasst werden können, ist die Übersetzung von Testergebnissen in eine Si-

cherheitsklassifizierung. Dies gilt für die hier vorgestellten in vitro Daten ebenso wie für Daten 

aus Datenbanken. Deshalb wird in der Diskussion ein universelles Konzept vorgeschlagen, 

welches eine binäre Klassifizierung durch eine Wahrscheinlichkeitsklassifizierung ersetzt.  
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3. Abbreviations 

 

Abbreviation Full name Abbreviation Full name

AA amino acid  Mal malate
ADP adenosine triphosphate  ME malic enzyme 
aKG alpha-ketoglutarate  MID mass isotopomer distribution
AOP adverse outcome pathway  MoA mode of action
Asp L-aspartate  MPP 1-methyl-4-phenylpyridinium
ATP adenosine diphosphate  MRC mitochondrial respiratory chain
BM biomass  MW molecular weight
BMC benchmark concentrations  NA neurite area
BN background noise level  NAD(H) nicotinamide adenine dinucleotide 

(NAD: oxidized, NADH: reduced
BPA bisphenol A  NeuriTox UKN4
BR benchmark response  NPA 3-nitropropionic acid
calcein-AM calcein acetoxymethyl ester  NT neurotoxicity
cAMP N6,2′-O-dibutyryladenosine 3′,5′-

cyclic monophosphate
 NTP National Toxicology Program of the 

USA
CCM central carbon metabolism  O2 oxygen
CDW cell dry weight  OA oxaloacetate 
cI-V MRC complex I-V  OCR oxygen consumption rate
cMINC neural crest cell migration test  OECD Organisation for Economic Co-

operation and Development
CNS central nervous system  PAH polycyclic aromatic hydrocarbons
Cyt c cytochrome c  PBDE 2,2’,4,4’,5’-pentabromodiphenylether 

DM differentiation medium  PC pyruvate carboxylase
DMSO dimethyl sulfoxide  PCA principal component analysis
DNT developmental neurotoxicity  PDH pyruvate dehydrogenase
DNT developmental neurotoxicity  PDM PeriTox differentiation medium 
EC effective concentration  PeriTox UKN5
ECAR extracellular acidification rate  PGM phosphoglucomutase
ESI electrospray ionization  PLO poly-L-ornithine
FAD(H2) flavin adenine dinucleotide (FAD: 

oxidized, FADH2: reduced)
 PM proliferation medium

FCCP carbonyl cyanide-4-
(trifluoromethoxy)phenylhydrazone

 pSIRM pulsed stable isotope-resolved 
metabolomics

FGF fibroblast growth factor  Pyr pyruvate
G6P glucose-6-phosphate  Q ubiquinone or coenzyme Q
Gal1P galactose-1-phosphate  ROS reactive oxygen species
GALK galactokinase  RQI RNA quality indicator
GALT galactose-1-phosphate 

uridylyltransferase
 SD standard deviation

GC-MS gas chromatography mass  SEM standard error of the mean
GDNF glial derived neurotrophic factor  Ser L-serine
GDNF glial derived neurotrophic factor  SOP standard operating procedure
Glc1P glucose-1-phosphate  SSA 5’-sulfosalicylic acid
GO gene ontology  TBDE 2,2’,4,4’-tetrabromodiphenylether 
hESC human embryonic stem cells  TCA citric acid cycle or Krebs cycle or 

tricarbonic acid cycle
Hex hexose, in this study either glucose 

or galactose
 UDP uridine diphosphate

HK hexokinase  UDP-GALE UDP-glucose 4-epimerase
iDRG immature dorsal root ganglia neurons  UKN2 cMINC

INST 13C-
MFA

isotopically non-stationary 13C 
metabolic flux analysis 

 UKN4 NeuriTox

IVT in vitro transcription  UKN5 PeriTox
Lac lactate  V viability
logP logarithm of the partition coefficient  VPA valproic acid
LUHMES Lund human mesencephalic cells  
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4. Introduction1 

4.1. History of toxicity assessment 

Toxicology is one of the oldest scientific disciplines. However its practice changed dramatically 

during the development of human societies. In the very early stages of human history, the 

knowledge about the toxicity of natural products was either used to avoid inedible plants or for 

hunting purposes. The usage of weapons prepared with toxins allowed on the one hand, for a 

more convenient, i.e. less running and chasing and therefore energy-consuming, hunt. On the 

other hand, preys could be approached that were too big to be killed with “non-toxic” weapons. 

Additionally, the ancient people must have known how to prepare the meat of the poisoned 

prey, e.g. by cooking, to not intoxicate themselves. Summed up, knowledge about toxicology 

gave a strong evolutionary survival benefit and was applied to make use of natural products 

(Wexler 2019). 

Toxicological knowledge was conveyed through the centuries with the loss and gain also ob-

served in other scientific disciplines. During the Egyptian, Greek and Roman high cultures the 

application of toxicological knowledge gradually shifted away from hunting-applications, most 

likely paralleled with domestication of animals, to an increased in-human use. Toxins were 

specifically used to harm or kill humans (the most famous example might be Socrates). People 

ranking high in societal structure employed food tasters to decrease the risk of being poisoned 

(Wexler 2019).  

Paracelsus (Theophrastus Bombast von Hohenheim, 1493/4-1541) made a big change for 

toxicology. He can be considered the father of quantitative toxicology, as he stated “Sola dosis 

facit venenum” (solely the dose determines that a thing is not a poison) (Borzelleca 2000). 

Since then it is known that each substance can be toxic or non-toxic, depending of the expo-

sure level, thereby paving the ground for one of the central paradigms in modern toxicology: 

Risk = Hazard x Exposure (Fig. 1). Paracelsus also provided the first example that a simple, 

binary classification of substances (into toxic vs non-toxic) might not be the best way to go. 

 

 

                                                
1 Parts of the introduction are modified from manuscripts #1, #2 and #3 (results section). This introduction aims to 
provide a broader overview, while the individual manuscripts introduce specifically into their topic. 
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Fig. 1: Exemplification of risk vs hazard. The damaging agent (i.e. the sun) does not change, therefore the hazard 

is constant. In contrast, the exposure to the sun differs between the couples. Therefore the resulting risk of getting 

sunburned is different. Image taken from http://toxedfoundation.org/hazard-vs-risk/. 

As consequence of the industrial revolution and advancements in chemistry, people were ex-

posed to increasing numbers of diverse substances. In the past, the number of substances 

that humans were exposed to did not vary strongly, except from the time when fire was made 

controllable, or when new plants/animals were discovered. In contrast, upon industrialization 

and the emergence of industrial chemistry, humans could synthesize almost every chemical 

they thought of and potential exposure increased accordingly (Bhandari and Garg 2016; 

Egeghy et al. 2016). However, in the early years of this period, regulatory toxicological testing 

and legislations were introduced only after a scandal had happened that revealed a safety gap. 

Regulatory toxicology emerged in the 20th century when an eye mascara caused strong tox-

icity: five women who used the product were blinded, one died (Jamieson 1933). In order to 

prevent such cases in the future, and because of a lack of alternative methods, decision mak-

ers determined that the dermal use of cosmetic products needs to be tested first in animals, 

before they become eligible to be marketed for human use (FDA 2018). Upon following scan-

dals new test methods were developed – but always as reaction, never as proactive preventive 

safety assessment. The central assumption to justify the employment of animal models was 

that these experiments could be used as surrogate to reflect the human situation: if something 

was toxic to an animal, it will be toxic to humans, if it was not toxic to animals, it will be safe for 

humans (Hartung and Leist 2008; Marx et al. 2016). 

According to these principles, increasing numbers of tests were added to the schedule of reg-

ulatory toxicity testing. In the 1950-60s, the thalidomide (Contergan) poisoning episode slowly 

initiated a shift in toxicology. Thalidomide went through all required animal safety tests and 

was found to be safe by European agencies. However, if used by pregnant women (in a defined 

period post conception), thalidomide caused birth defects in thousands of children (Franks et 

al. 2004). Since the existing tests should have informed about the observed toxicity, research-

ers started wondering why the tests did not work (Janer et al. 2008; Kim and Scialli 2011). 

Based on this, toxicology began its transitions towards a mechanistic science.  
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Additionally, researchers discovered that drugs like aspirin/acetylsalicylic acid or penicillin 

were used on a regular basis by a high fraction of the population without causing safety prob-

lems. These drugs would fail standard toxicological animal tests (Akhtar 2015; Hartung 2009a). 

Therefore, doubts were increasing that the applied animal models might not perfectly recapit-

ulate the human situation (Marx et al. 2016). 

4.2. Paradigm shift: Toxicity in the 21st century 

Evidence accumulated that in vivo experimentation neither reliably provides data that meet the 

required quality (e.g. reproducibility, predictivity) nor the expected relevance and applicability 

to take judgement on the effects on a human body (Leist and Hartung 2013; Mestas and 

Hughes 2004). Even if experiments were performed under strictly defined and controlled con-

ditions, as e.g. under Organization for Economic Cooperation and Development (OECD) test 

guideline (TG) studies, they reached a reproducibility of at best 80% (Luechtefeld et al. 2018a), 

sometimes rather around 60% (Hartung 2009b; Smirnova et al. 2014b). Next to reproducibility 

issues, additional limitations exist in the case of safety assessment of non-small molecule 

drugs as human antibodies, which cannot be tested in animal experiments since they are spe-

cies-specific (Brennan et al. 2014; Suntharalingam et al. 2006). 

As limitations of animal experiments have already been discussed extensively in literature, the 

focus should be set to alternative approached that overcome the shortcomings of the traditional 

methods (Hartung 2008a; Hartung 2008b; Leist et al. 2008b). Within the last 10 years, a wide 

consensus involving many regulatory agencies (exemplarily within the USA: National Toxicol-

ogy Program, the Chemical Genomics Centre of the National Institutes of Health, the Compu-

tational Toxicology Centre of the Environmental Protection Agency, the U.S. Food and Drug 

Administration; exemplarily within Europe: the Joint Research Centre of the European Com-

mission, the European Chemicals Agency, the European Medicines Agency) was found on 

moving from black-box animal experimentation to mechanistic understanding and assessment 

of human-relevant data  (ECHA 2017; EMA 2016; EURL ECVAM 2018; FDA 2017; National 

Academies of Sciences 2017; NRC 2007). These alternative approaches are based on in vitro 

and in silico experimentation (Daneshian et al. 2010; Hartung 2010). Naturally, the transfor-

mation process towards non-animal toxicology will be undertaken gradually, since alternative 

approaches developed and continue to develop at individual speeds. Additionally, external 

push and pull factors steer the innovation and validation process, as exemplarily seen for the 

ban of animal experiments for cosmetic products in Europe that drove the fast subsequent 

substitution with alternative methods (Almeida et al. 2017; EuropeanUnion 2013).  

4.3. Neurotoxicity (NT) 

Neurotoxicity describes any process which adversely affects the proper function of the nervous 

system (Bushnell and Tilson 2010). The nervous system can be discriminated into the central 

and peripheral nervous system (CNS, PNS, respectively). Both share many structural and 

functional features, as the neurons are post-mitotic, thus they cannot self-renew, and have a 
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very high structural similarity and specialization. However, the CNS and PNS also have fun-

damental differences, explaining the differential sensitivity to toxicants (Sioka and Kyritsis 

2009). 

The CNS is protected by the blood-brain barrier, which is built by endothelial cells (pericytes 

and astrocytes) and offers a protection of all enclosed brain regions against potentially toxic 

substances circulating in the blood. In contrast to other endothelial barriers, the BBB can be 

considered to be one of the strongest barriers, since the constituting cells are sealed via tight 

junctions. Only diffusible or actively transported substances can cross the BBB. Additionally, 

multi drug resistance transporters act as broad spectrum efflux pumps and protect the CNS 

(Daneman and Prat 2015). The known neurotoxicant nitropropionic acid is not only a mito-

chondrial respiratory chain complex II inhibitor, but also leads to the disintegration of the BBB 

(He et al. 2017). In contrast to the CNS, the PNS is not protected by any barrier, thus it is more 

likely to be reached by potentially toxic substances. 

Mechanisms causing central or peripheral neurotoxicity can have a wide range of different 

causes (Sioka and Kyritsis 2009). Neurons are characterized by a high metabolic activity and 

energy turnover, mainly relying on glucose oxidation. A great portion of the energy is used to 

maintain or restore intracellular ion levels (Magistretti and Allaman 2015). This high energy 

turnover makes neurons especially susceptible to metabolic inhibition (Schmidt et al. 2017). 

The toxicants rotenone, MPP+ and carbon monoxide can be listed as examples for neurotoxic 

inhibitors of mitochondrial energy production. On top, reactive oxygen species can easily be 

triggered to reach non-homeostatic levels (Schildknecht et al. 2017). Next to that, the biochem-

ical composition of neurons differs from other cells types: all neurons have synthesis and sal-

vage pathways for their specific neurotransmitters, which might influence the redox-state them-

selves (as e.g. dopamine) and have a very lipid-rich composition (Schmidt et al. 2017). 

Apart from these biochemical differences, neurons have structural features that make them 

particularly vulnerable. Neurons can have protrusions that are many times longer than the 

soma itself, most extreme are the dorsal root ganglia which can reach lengths of >1 m (human), 

while the cell body is more than 10’000 times smaller (Gibbs et al. 2015). Damage to the axon, 

e.g. triggered by 2,5-hexanedione or acrylamide, causes neurotoxicity/axonopathy (Tshala-

Katumbay et al. 2009). Additionally, neurons are usually isolated by a myelin sheath, pivotal 

to increase the velocity of electrical signal propagation. Defects to the myelination cause neu-

ropathies/myelinopathy (Costa 2017). In the terminal ends of the neurons, they have to con-

nect to the right cell type to transmit their signal, therefore synapses are formed. Defects to the 

pre- and/or post-synaptic cells are detrimental. Many natural toxins (e.g. muscarine) as well as 

war gases (e.g. VX) impair synaptic function (Tukker et al. 2018). On top, the other cell types, 

as e.g. astrocytes, oligodendrocytes/Schwann cells and microglia can be adversely affected 

leading to neurotoxicity (Schmidt et al. 2017).  
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4.4. Developmental neurotoxicity (DNT) 

Developmental neurotoxicity comprises all events during development, i.e. in utero until matu-

ration, leading to a structural or functional disorder of neural function (Aschner et al. 2017; 

Mundy et al. 2015a). For the establishment of a functional neuronal network, a variety of pro-

cesses need to be coordinated in time and space: proliferation, differentiation, migration, apop-

tosis, neurite outgrowth, synaptogenesis/network formation, synaptic pruning and myelination 

(Fig. 2). In contrast to the sensitivity of the regulation of these processes, protection mecha-

nisms, as the blood brain barrier, detoxification reactions, and the placental barrier, are either 

not yet fully developed, or do not provide complete protection (Bal-Price et al. 2018a). 

 

Fig. 2: Overview about important processes, cell types and their markers, involved in correct neurodevelopment. 

Image taken from (Bal-Price et al. 2018a).  

Neurodevelopmental disorders range from structural disorders, as e.g. spina bifida, a deficit in 

neural tube closure, which are easier to detect, up to functional disorders, partially with an 

onset late after birth, so that causal linkage becomes difficult (Aschner et al. 2017; Bal-Price 

et al. 2018a; Dolk et al. 2010; Morris et al. 2018). Although there are genetic predispositions 

known that increase the likelihood to develop neurodevelopmental deficits, genetic factors are 

unlikely to be the main cause for the recent increase in incidences during the last years (EPA 

2013; Genro et al. 2010; McDonald and Paul 2010; Pullen 2017). Thus other factors, as e.g. 

exposure to environmental chemicals, are linked epidemiologically to the onset of DNT 

(Fritsche et al. 2018; Grandjean and Landrigan 2006; Kajta and Wójtowicz 2013; Myhre et al. 

2018). 
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4.5. Approaches to assess DNT and NT 

4.5.1. Current animal models 

Animal models for the assessment of (developmental) neurotoxicity mainly rely on rodent stud-

ies. The OECD test guideline that includes neurotoxicity endpoints is TG 424 (rodent neuro-

toxicity) (OECD 1997). Additionally, TGs 407, 408 and 443 (28-day study, 90-day study, ex-

tended one generation study) cover neurotoxic endpoints to a less detailed extent (OECD 

2008; OECD 2018b; OECD 2018c). DNT is assessed in regulatory procedures within the 

OECD test guideline 426 (TG426) and/or TG 443, which demands the treatment during ges-

tation and lactation (early postnatal development). The study is based on the use of rodents 

and recommends rats. Daily inspections should assess morbidity and mortality, as well as 

neurologic and behavioral abnormalities. Finally, the brain size and pathology of the offspring’s 

brains should be assessed (OECD 2007; OECD 2018c). As these tests are not generally com-

pulsory, and only requested upon special indications (e.g. neurotoxicity hazard indication from 

another study, or structural similarity to other DNT-substances), the respective data are incom-

plete or missing for many compounds (Bal-Price et al. 2018a; Schmidt et al. 2017; Smirnova 

et al. 2014b). 

Except from the low throughput (i.e. substances assessed and duration of the study) and high 

animal consumption, TG426 studies are extremely expensive (1-2 million US$ per substance) 

(Meigs et al. 2018; Smirnova et al. 2014b). Therefore, it is not surprising that only about 200 

substances have been tested according to TG426 (Aschner et al. 2017). Of these 200 as-

sessed substances, a major fraction is pesticides, while most high production chemicals have 

not been tested for DNT (Aschner et al. 2017). In animal studies about 100 compounds (in-

cluding some drugs) are linked to DNT, while in humans there is strong evidence only for about 

10 compounds (e.g. arsenic, polychlorinated biphenyls, toluene, ethanol, heroin, hexachloro-

phene, lead, manganese, MDMA, methylmercury, valproic acid) (reviewed in (Aschner et al. 

2017; Grandjean and Landrigan 2014)). Exaggerating this issue, the well-known human DNT-

substance methylmercury was not classified to be developmentally neurotoxic by a classical 

TG426 assessment (Farina et al. 2011; Radonjic et al. 2013) and more studies provide more 

examples for the test’s questionable sensitivity (Claudio et al. 2000; Vorhees and Makris 2015). 

This questions the predictivity of the available animal test methods of DNT testing. On top, the 

low number of tested substances is in huge contrast to the approximately >100,000 chemicals 

present, which are not evaluated in respect to DNT at all. Furthermore, the endpoints observed 

in the study are hard to link mechanistically to the mode of action of the test substance 

(Aschner et al. 2017).  

4.5.2. Emerging in vitro approaches to assess (developmental) neurotoxicity 

During the last 10-20 years, many in vitro methods emerged that aim at predicting (develop-

mental) neurotoxicity. In contrast to the animal experiment, in vitro methods do not aim at 

predicting apical endpoints, e.g. microcephaly or behavioral abnormalities, directly. Instead, 
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they rely on a testing principle based on the adverse outcome pathway principle: complex 

chains of events leading to the adversity are dissected into their initial triggers (molecular initi-

ating event, MIE) and constituents (key events, KE) and independently assessed. Where no 

AOPs were available, “key cellular processes guiding neurodevelopment” are used alterna-

tively (Bal-Price et al. 2015a; Bal-Price et al. 2018a). Test methods have been developed that 

assay the proliferation of precursor cells and the differentiation into the correct cell types 

(Balmer et al. 2012; Baumann et al. 2016; Culbreth et al. 2012; Fritsche et al. 2005; Hogberg 

et al. 2010; Hogberg et al. 2009; Schmuck et al. 2017; Shinde et al. 2017), the migration of 

cells (Nyffeler et al. 2017b; Schmuck et al. 2017; Zimmer et al. 2012) or the specific death of 

neuronal subpopulations (Baumann et al. 2016; Culbreth et al. 2012; Pamies et al. 2016; 

Schmuck et al. 2017; Zimmer et al. 2011a; Zimmer et al. 2011b), the neurite outgrowth/integrity 

(Harrill et al. 2011; Krug et al. 2013a) as well as neuronal network formation and activity (Brown 

et al. 2017; Pamies et al. 2016; Schmuck et al. 2017). First models include the myelination of 

neurons, and therefore the study of its impairment (Pamies et al. 2017). These methods were 

and are designed for a high sensitivity and specificity for their respective assessed endpoint 

and should applicable in medium to high throughput experiments. If combined into a test bat-

tery, huge libraries of chemicals, with known and unknown toxicity, can be screened for their 

hazard to cause DNT. The generated information could either be used to prioritize substances 

for in vivo assessment. Alternatively, instead of going back to animal experiments, human-

relevant mode of action based hazard assessment can be performed (Fritsche et al. 2017). 

4.6. Mitochondrial toxicity  

4.6.1. Roles of mitochondria in eukaryotic cells 

Mitochondria are important organelles in eukaryotic cells as they fulfil several essential tasks. 

Best known are mitochondria for their involvement in cellular energy production. Within the 

mitochondria, the citric acid cycle transforms pyruvate, the end product of cytosolic glycolysis, 

into carbon dioxide and energy (Akram 2014). These two metabolic processes are commonly 

summarized as “central carbon metabolism”. Metabolic processes can generate energy either 

directly by phosphorylating ADP to ATP, or via the reduction of reduction equivalents. These 

are then oxidized at the mitochondrial respiratory chain, where their energy is used to drive the 

generation of ATP (Lunt and Vander Heiden 2011; van der Bliek et al. 2017).  

Next to these metabolic processes, mitochondria are involved in the fatty acid oxidation and 

(phospho)lipid metabolism; depending on the substrate availability, another great source of 

reduction equivalents/energy (Wajner and Amaral 2015). Additionally, mitochondria are in-

volved in the cholesterol/sterol metabolism (Martin et al. 2016). It needs to be appreciated that 

all these metabolic processes, especially the former ones, do not only serve for energy pro-

duction, but also provide precursors or intermediates for metabolic processes, branching off 

the central carbon metabolism. Alternative metabolic pathways mitochondria are involved in, 

include neurotransmitter turnover (Leist et al. 1998; Nicotera et al. 1999), amino acid metabo-

lism (Harper et al. 1984), and the urea cycle (Porporato et al. 2016). Additionally, mitochondria 
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are pivotal in calcium homeostasis, as they serve as calcium store (Gustafsson et al. 2010; 

Huang et al. 2017; Leist and Nicotera 1998; Nordin-Andersson et al. 2003). 

Apart from these manifold functions that mitochondria take over for the cells, they have to be 

considered as partially-independent organelles, since they still carry their own (reduced) ge-

nome from which an essential part of the mitochondrial proteins are transcribed (D'Aquila et 

al. 2017; Young and Copeland 2016). Further underlining the pivotal role of mitochondria within 

their host cells is the fact that the intrinsic pathway of apoptosis is initiated/controlled by mito-

chondrial release of cytochrome c (Leist and Jaattela 2001; Yee et al. 2014).  

4.6.2. Vulnerability of mitochondria leading to mitotoxicity 

Any impairment of this diverse set of mitochondrial functions might result in mitochondrial tox-

icity (mitotoxicity) (Nunnari and Suomalainen 2012). Although mitochondria are present in al-

most every cell type, mainly liver, kidney and brain are affected by mitotoxicity, which might be 

attributed to the special energetic requirements of these tissues (Barnett and Cummings 2019; 

Bennett et al. 2014; Kullak-Ublick et al. 2017). Due to the fact that neurons are particularly 

dependent on mitochondrial respiration, the brain is a major target organ of mitotoxicity, i.e. 

many mitotoxicants are neurotoxicants at the same time (Bal-Price et al. 2015b; Schmidt et al. 

2017). As prime examples, the mitochondrial respiratory chain (MRC) complex I (cI) inhibitors 

rotenone and MPP+ can be listed. For both substances, a clear causal relationship between 

their mode of action (MoA) and the induction of parkinsonian motor deficits could be estab-

lished (Terron et al. 2018). Other examples of neurotoxic mitotoxicants include nitropropionic 

acid and carbon monoxide, which inhibit mitochondrial complex II and IV, respectively (He et 

al. 2017; Prockop and Chichkova 2007). 

Another parameter from which the importance of mitochondrial toxicity can be concluded is the 

amount of adverse effects of drugs on the market attributed to mitochondrial impairment. For 

many drugs (still being marketed, or already withdrawn) liver injury has been reported as side 

effect in humans that was not foreseen in preclinical safety testing, finally resulting in warnings, 

restrictions in use or even withdrawal. An involvement of mitotoxicity has been shown for about 

200 of these drugs (Blomme and Will 2016; Kullak-Ublick et al. 2017; Pessayre et al. 2012; 

Porceddu et al. 2012). Troglitazone and cerivastatin caused such strong adverse effects that 

they had to be withdrawn from the market (liver injury and rhabdomyolysis, respectively). Later 

these adversities could be linked to mitotoxicity (Schirris et al. 2015; Tirmenstein et al. 2002; 

Westwood et al. 2005). Within the US ToxCast program, 676 potentially toxic substances have 

been screened on their potential to be a mitochondrial toxicant. The alarming number of 491 

(=73%) tested substances showed a liability to be mitotoxic (Wills et al. 2015).  

4.6.3. Current assessment of mitotoxicity 

Currently available tests and models seem to fail in predicting mitochondrial toxicity correctly. 

Rodent models appear to have to high compensatory capacities so that mitotoxicity doesn’t 

become visible, and standard cell culture experiments are usually performed with 3-5 times 
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the physiological levels of glucose, so that mitochondrial function becomes disposable, as cells 

can compensate by glycolysis (Blomme and Will 2016; Broom et al. 2016; Perron et al. 2013; 

Tilmant et al. 2018).  

An increasing number of studies shows that the cellular metabolic situation determines the 

susceptibility to toxicants (Delp et al. 2018a; Latta et al. 2000; Leist et al. 1997b; Leist et al. 

1999; Volbracht et al. 1999). Recent advancements in prediction of mitotoxicity were based on 

the usage of alternative sugar sources (galactose instead of glucose) which increased the 

cellular dependence on mitochondrial metabolism (Blomme and Will 2016; Marroquin et al. 

2007). Galactose, an isomer of glucose, finds a wide application in mitotoxicity assessment. 

The catabolism of galactose (i.e. galactolysis) is highly similar to that of glucose (i.e. glycoly-

sis). While glucose is directly phosphorylated to glucose-6-phosphate, galactose becomes 

converted into glucose-6-phosphate by two additional reactions. The remaining nine reactions 

to pyruvate are the same (Caputto et al. 1949; Cardini and Leloir 1953). Although galactolysis 

and glycolysis yield the same amount of energy and reduction equivalents, cellular metabolism 

shifts from a predominantly glycolytic metabolism in glucose to a predominantly mitochondrial 

metabolism in galactose, while intracellular ATP levels are kept constant (Reitzer et al. 1979). 

As it is well established that the metabolic situation affects toxicant sensitivity, it is important 

to fine-tune experimental models, as cell culture systems, to reflect the human-relevant situa-

tion as close as possible (Delp et al. 2018a; Latta et al. 2000; Leist et al. 1997b; Leist et al. 

1999; Volbracht et al. 1999). Therefore the shift of the model systems to a more mitochondrial 

pronounced metabolism, e.g. by a glucose-galactose switch, creates culture conditions closer 

to the physiological situation of the human brain, in which neurons mainly rely on mitochondrial 

metabolism (Kasischke et al. 2004). 

 

Fig.  3: Different experimental approaches to assess mitochondrial function. 

A) The plasma membrane of intact cells can be selectively permeabilized and mitochondria made accessible with-

out purification. The activity of individual mitochondrial respiratory chain complexes can be analyzed by the appli-

cation of specific substrates and inhibitors. B) Similar tool compounds can be used to assess the overall mitochon-

drial function of intact cells, informing e.g. about basal and maximal respiration, spare mitochondrial respiratory 

capacities or mitochondrial proton leak. Images modified from (Delp et al. 2018a) and (Delp et al 2019 submitted to 

Archives of Toxicology, i.e. paper #3 in this thesis). 
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The deeper understanding of mitotoxicity was also facilitated by advancements in technology, 

allowing the assessment of oxygen consumption, a proxy for mitochondrial function, in high 

throughput (e.g. the Agilent Seahorse devices and soluble oxygen sensors) (Gerencser et al. 

2009; Nadanaciva et al. 2012; O'Riordan et al. 2007; Salabei et al. 2014). Methods were de-

veloped that allowed the investigation of mitochondrial functional parameters (e.g. basal res-

piration, maximal respiration and proton leak) of intact cells (Delp et al. 2018a; Gerencser et 

al. 2009), as well as the investigation of the function of individual mitochondrial respiratory 

chain complexes (Fig. 3) (Salabei et al. 2014). 

4.7. High throughput screening/high content imaging 

High throughput describes a non-legally binding definition of a certain turnover of samples per 

time. Instead of a strict definition what “high” means, it is commonly used to describe that a 

method is “not low-throughput”. Increased automation and advanced machines help, but are 

not necessary, for high throughput experiments. An example for a high throughput method is 

the detection of intracellular ATP by a plate readable luminescent readout. With this setup, 

easily multiple thousand data points can be produced within one hour. In contrast, a classical 

western blot takes several hours (from the SDS-PAGE to the band detection) and only roughly 

15 data points are generated (Knudsen et al. 2011; Shah et al. 2016). 

High-content methods are defined by the assessment of non-trivial functional or phenotypical 

endpoints, usually read-out in a multiplexed fashion from one sample (Abraham et al. 2004; 

Giuliano et al. 2003; van Vliet et al. 2014). Therefore, the data yield per sample is increased, 

in contrast to non-high-content methods. A practical example is the multiplexed staining of a 

sample with several antibodies/dyes. Additionally, parameters of increasing complexity can be 

assessed by high-content methods, as e.g. in cell painting, which uses six fluorescent dyes 

simultaneously to inform about 1500 morphological parameters (Bray et al. 2016). While a 

membrane staining could not only be used to define the borders of a cell, it can also be used 

to evaluate the cellular aspect ratio or the smoothness/granularity of the cell. If a dye that stains 

neuronal processes is used, the total neurite length per image, the number of neurites per cell, 

the average neurite length per cell, the number of branches per neurite, and the distance of 

the neurites’ branches from the cell body can be analyzed (Krug et al. 2013a; Ryan et al. 2016; 

Schmidt et al. 2017; Stiegler et al. 2011). 

If high-content methods are applied in a high-throughput setting and used for mechanistic eval-

uations, massive data sets can be produced which couldn’t be generated with “classical” end-

points. This applies both to high-content imaging data, as to omics data, the other big domain 

of high-content endpoints. However the given examples also illustrate that the output limiting 

factor shifts from performing the experiment to analysis and interpretation (Mattiazzi Usaj et al. 

2016; Schmidt et al. 2017). 

High-throughput methods are the experimental basis for the investigation and establishment 

of (quantitative) structure activity relationships (QSAR), as many different compounds need to 



Introduction 

17 

be tested in a reasonable timeframe to generate these models. Next to “manual” QSAR ap-

proaches, high-throughput methods generate enough data to generate models for computa-

tional toxicology that can inform about underlying mechanisms (Choudhuri et al. 2018; 

Hasselgren and Myatt 2018; Knudsen et al. 2013; Muster et al. 2008; Raies and Bajic 2016) 

and help to establish or support adverse outcome pathways (AOP) (Leist et al. 2017; 

Luechtefeld et al. 2018a).  

4.8. Metabolomics/fluxomics 

Another high-content methods, metabolomics, describes the assessment of multiple (as many 

as technically possible) metabolites/substances of a cell or tissue, which were either secreted 

to the culture medium or quantified from cell lysate. The analysis is usually done by diverse 

NMR or mass spectrometry techniques (Liu and Locasale 2017; Schrimpe-Rutledge et al. 

2016). In targeted metabolomics approaches, the analytes are defined upfront and specifically 

searched for. If calibration references were used, identified metabolites can be quantified not 

only relatively, but also in absolute terms (e.g. fmol/cell). In untargeted approaches the com-

plete spectrum of detectable metabolites is analyzed, and since the metabolites are not (all) 

identified, only relative quantification is possible. While the targeted approaches are driven by 

pre-defined hypotheses, the untargeted measurements search for changes in patterns/foot-

prints (Bouhifd et al. 2013; Palmer et al. 2013).  

Next to the quantification of concentrations, also called pool sizes, metabolism has a second 

dimension. Usually intracellular concentrations of metabolites are not present because a me-

tabolite accumulated in the cell and nothing else happened, but because upstream reactions 

define the production and downstream reactions define the consumption of a given metabolite. 

The resulting metabolite concentration is defined by the integration of all input- and output-

reactions. If the cell is in a steady state condition, input and output fluxes do not change over 

time. Fluxes within the metabolism can be assessed by offering “labelled”, e.g. 13C or 15N con-

taining, substrates. The analytical approaches can differentiate between the “normal” and the 

“heavy labelled” metabolites. Thereby relative fluxes e.g. comparing two different steady state 

conditions, can be assessed (e.g. label incorporation in A = 2x B) (Meiser et al. 2016).  

The most recent development is a sub-discipline called fluxomics. This is based on the as-

sessment of pool sizes and fluxes, e.g. by using flux-balance analysis (FBA). The final output 

is an absolute flux (e.g. fmol/cell/24 h) which can be universally compared across quantification 

platforms and biological systems (Delp et al. 2018a; Nöh and Wiechert 2011; Pietzke et al. 

2014b; Wiechert and Nöh 2013; Zasada and Kempa 2016).  
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5. Aims of the thesis 

This thesis aimed at increasing the quality of neurotoxicity assessment using in vitro methods. 

To reach this goal, several particular aims were defined: 

1) Transfer and optimization of an existing low-throughput neurotoxicity assay into high-

throughput. Application of the high-throughput assay to evaluate the neurotoxicity po-

tential of >70 chemicals. 

2) Characterization of the molecular and biochemical basis of differentiating LUHMES 

cells, which are used for neurotoxicity assessment, using multi-omics techniques. 

3) Establishment of a refined neurotoxicity test that has a pronounced sensitivity to identify 

mitochondrial toxicants. 
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6. Results 

6.1. Manuscript #1 – A High-Throughput Approach to Identify Specific 

Neurotoxicants / Developmental Toxicants in Human Neuronal Cell 

Function Assays 
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6.1.1. Introduction 

The transition from method development to actual tests for screening and prioritization is an 

important advance for in vitro toxicology (Crofton et al. 2011; Daneshian et al. 2016; Leist et 

al. 2008b; Leist et al. 2008c). While this has been achieved in areas like genotoxicity or topical 

toxicity to skin and eyes (Basketter et al. 2012; Ezendam et al. 2016; Kirkland et al. 2011; Leist 

et al. 2014; Prinsen et al. 2017), the fields of organ toxicity and developmental toxicity still 

represent a major challenge (Marx et al. 2016). Especially for neurotoxicity (NT) and develop-

mental neurotoxicity (DNT), multiple tests have been developed, but their comparison using 

larger compound libraries still lags (Aschner et al. 2017; Fritsche et al. 2017; Smirnova et al. 

2014b). Developmental neurotoxicity results from gestational or peripartum disturbances of 

neural cells that eventually lead to an altered connectivity of the neuronal system. For instance, 

toxicants may inhibit neural cells to proliferate, differentiate or migrate (Aschner et al. 2017; 

Bal-Price et al. 2015a). The toxicological manifestation of disturbed key developmental pro-

cesses is a structural or functional defect of the nervous system. 

Current regulatory procedure hardly evaluates DNT for industrial chemicals, while about 100 

pesticides have been tested according to the OECD test guideline TG426, which requires re-

peated dosing during pregnancy and lactation (Makris et al. 2009; OECD ; Schmidt et al. 2017; 

Smirnova et al. 2014b; van Thriel et al. 2012). This test is highly costly (ca. 1-2 M/compound), 

and its sensitivity has been questioned (Fritsche et al. 2017). 

At present, more than 100 compounds (including several drugs) have been found to trigger 

DNT in animals, while there is strong epidemiological evidence for such effects in humans only 

for about a dozen compounds (Aschner et al. 2017; Grandjean and Landrigan 2006; Mundy et 

al. 2015b). The largest proportion of industrial chemicals, and even of drugs, have never been 

evaluated for DNT (Bennett et al. 2016; Crofton et al. 2012; Grandjean and Landrigan 2006; 

Grandjean and Landrigan 2014). Thus, there is an enormous need for high quality and high 

throughput in vitro testing (Bal-Price et al. 2015a; Crofton et al. 2014; Smirnova et al. 2014b). 

During the last decade, in vitro tests have been developed to fill the testing gap (Fritsche et al. 

2017; Schmidt et al. 2017). They assess for instance the proliferation and differentiation of 

neuronal precursor cells (Balmer et al. 2012; Baumann et al. 2016; Culbreth et al. 2012; 

Fritsche et al. 2005; Hogberg et al. 2010; Hogberg et al. 2009; Schmuck et al. 2017; Shinde et 

al. 2017), the loss of certain neuronal (sub)populations (Baumann et al. 2016; Culbreth et al. 

2012; Pamies et al. 2016; Schmuck et al. 2017; Zimmer et al. 2011a; Zimmer et al. 2011b) or 

the impairment of migration (Nyffeler et al. 2017b; Schmuck et al. 2017; Zimmer et al. 2012), 

neurite outgrowth (Harrill et al. 2011; Krug et al. 2013a) or neuronal network formation (Brown 

et al. 2017; Pamies et al. 2016; Schmuck et al. 2017). Since a single in vitro assay cannot 

cover the complexity of in vivo development, plans for test strategies are built on compiling a 

battery of assays which cover all relevant processes (Fritsche et al. 2017; Zimmer et al. 2014).  

A cell source of high quality and quantity is a crucial factor for robust tests. One such option is 

provided by LUHMES cells. They are of human origin, and represent extensively characterized 

neuronal progenitors that can be differentiated within six days into dopaminergic neurons (Krug 
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et al. 2014; Schildknecht et al. 2013; Scholz et al. 2011; Smirnova et al. 2016). In the process 

of establishing and validating an in vitro method, its robustness and suitability for high through-

put testing has to be assessed (Leist et al. 2010; Leist et al. 2012a). The U.S. National Toxi-

cology Program (NTP) compiled a collection of 80 compounds (herein called NTP80 collection) 

which contains 75 unique chemicals and internal controls. The focus of this library is on known 

or suspected DNT/NT compounds as well as compounds of significant interest to the NTP 

(e.g., flame retardants, PAHs) that have not been tested for DNT/NT activity. This library has 

been made available for all interested test developers with the vision to generate a comparable 

data matrix across many DNT and neurotoxicity assays. Initial data on the interference with 

iPSC differentiation, neurite outgrowth, neural crest cell migration, and cardiotoxicity have 

been published (Nyffeler et al. 2017a; Pei et al. 2016; Ryan et al. 2016; Sirenko et al. 2017). 

In our study, we used the NTP80 collection to evaluate the throughput and quality of the 

LUHMES cell-based developmental neurotoxicity assay (NeuriTox). The results from the 

screen were validated in a hit confirmation phase. As follow-up, the library was also screened 

for peripheral nervous system toxicity (PeriTox assay, (Hoelting et al. 2016)), and the data 

were put into context of published screens and of available data from the Tox21 program.  
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6.1.2. Material and Methods 

6.1.2.1. Screen library handling 

The compound library was received as a 96-well “master plate” filled with compounds, i.e. a 

collection of drug/drug-like compounds, PAH, pesticides, flame retardants, and others (Fig. 

MS1_1), (Nyffeler et al. 2017a; Ryan et al. 2016; Sirenko et al. 2017). In order to reduce freeze-

thaw cycles, save compounds, and test them always with the same number of freeze-thaw 

cycles, sets of five compounds were transferred from the “master plate” to each “dilution plate” 

and diluted in DMSO. Subsequently the dilutions were aliquoted into a “treatment plate” which 

was equipped with DMSO-solvent controls, and narciclasine positive control (50 nM final con-

centration on cells, Sigma, CAS 29477-83-6), sealed, and stored at -80°C until usage. This 

procedure ensured that cells were always treated with 0.1% DMSO (Fig. MS1_S1). 

6.1.2.2. Cell culture and differentiation 

For the NeuriTox test (=UKN4), LUHMES (Lund human mesencephalic) cells were character-

ized and cultured as described earlier in detail (Krug et al. 2013a; Lotharius et al. 2005; Scholz 

et al. 2011). Briefly, cells were maintained in proliferation medium (PM: AdvDMEM/F12 sup-

plemented with 2 mM glutamine, 1x N2 supplement and 40 ng/ml fibroblast growth factor-2) in 

PLO/fibronectin coated flasks (50 µg/ml poly-L-ornithine (PLO) and 1 µg/ml fibronectin). For 

differentiation, cells were seeded at a density of 46,000 cells/cm² in PM. After 24 h, they were 

switched to differentiation medium (DM) containing AdvDMEM/F12 supplemented with 2 mM 

glutamine, 1x N2 supplement, 2.25 µM tetracycline, 1 mM dibutyryl 3’,5’-cyclic adenosine 

monophosphate (cAMP), and 2 ng/ml recombinant human glial cell derived neurotrophic factor 

(GDNF).  

The PeriTox test (=UKN5) is based on cells differentiated from the H9 human embryonic stem 

cell (hESC) line (WA09 line), which was obtained from WiCell (Madison, WI, USA). The import 

of cells and the experiments were authorized under license no. 170-79-1-4-27 (Robert Koch 

Institute, Berlin, Germany, http://www.rki.de). The stem cells were cultured according to stand-

ard protocols (Thomson et al. 1998) and differentiated into immature dorsal root ganglia neu-

rons, as described previously: after eight days of differentiation with noggin and SB-431542 

(dual SMAD inhibition), dorsomorphin (BMP4 signaling inhibitor), DAPT (γ-secretase inhibitor) 

CHIR (Wnt antagonist) and SU (VEGF, FGF and PDGF signaling inhibitor), the neuronal pre-

cursors were cryopreserved for later use in the peripheral neurotoxicity test (PeriTox) which is 

described in detail in (Hoelting et al. 2016).  

6.1.2.3. Neurotoxicity assays based on neurite outgrowth dynamics 

For the NeuriTox test, LUHMES cells, which were differentiated for 48 h and seeded into 96 

well plates at a density of 100,000 cells/cm² in a volume of 90 µl DM without cAMP and GDNF. 

Treatment was initiated applying 10 µl of a 10x concentrated treatment solution one hour after 

seeding. At 24 h after treatment, staining mix (SM) was applied (final concentrations: H-33342 

1 µg/ml, calcein-AM 1 µM).  
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For the PeriTox test method, the cells were thawed and seeded at a density of 100,000 

cells/cm² in 75 µl PeriTox differentiation medium (PDM) consisting of 25% KSR-S and 75% 

N2-S media supplemented with 1.5 µM CHIR99021, 1.5 µM SU5402, and 5 µM DAPT on 

matrigel-coated plates [KSR-S: knockout DMEM with 15% serum replacement, 1 x Glutamax, 

1 x nonessential amino acids and 50 mM beta-mercaptoethanol; N2-S: DMEM/F12, with 2 mM 

Glutamax, 0.1 mg/ml apotransferrin, 1.55 mg/ml glucose, 25 µg/ml insulin, 100 mM putrescine, 

30 nM selenium, and 20 nM progesterone]. After one hour, 25 µl PDM with 4x concentrated 

serial dilutions of the test compounds was added to the cells. At 23 h after treatment, the cells 

were stained with SM and incubated for one additional hour at 37°C.  

Image acquisition was performed with an ArrayScan VTI HCS (high content imaging) micro-

scope (Cellomics, Waltham, MA, USA). 

6.1.2.4. Neurite outgrowth image analysis 

The procedure was applied as detailed earlier (Hoelting et al. 2016; Stiegler et al. 2011). After 

automated imaging, an algorithm was applied that identified the neuronal somata (based on 

identified nuclei) and subtracted the somatic area from the total neuronal area to obtain the 

neurite area (NA); i.e. the number of pixels per field covered by neurites. Viability analysis was 

performed on the same pictures using combined information from H-33342 and calcein chan-

nels. Cells with normal sized nuclei and being calcein-positive were counted as live cells, 

whereas H-33342 single-positive cells were counted as dead cells. Viability (V) was expressed 

as percentage of live cells relative to control. 

6.1.2.5. Data analysis: curve fitting and deriving BMC and EC values 

Neurite outgrowth assays were performed at least three times (biological replicates), each run 

evaluating three technical replicates, i.e. different wells with similar treatment. Neurite area 

(NA) and viability (V) were always expressed as percentage of the DMSO control. In a first 

step, matched technical replicates were averaged. Subsequently, these data were averaged 

across the different experiments. Curve fitting was performed employing a 4-parameter log-

logistic function with least squares fit. The upper asymptote of the fit was forced to 100%, the 

lower asymptote was variable. The variation of DMSO controls was calculated from pooled 

values of DMSO controls over several experiments. 

For calculation of the benchmark concentration values (BMC), a benchmark response (BMR) 

of three standard deviations of DMSO solvent controls of all assay plates (= ‘3 x noise level’) 

was used. EC50 concentrations were calculated as the concentration at which the parameter 

measured (neurite area or viability) declined to 50% of the DMSO-control level. To identify 

specific effects on neurite outgrowth, the EC50 ratio of EC50(viability)/EC50(neurite area) was 

calculated. The NeuriTox test system has a specificity threshold ratio of 4, the PeriTox test 

system has one of 3 (Hoelting et al. 2016; Krug et al. 2013a).  

In some cases (e.g. non-toxic compounds), no EC50 value could be calculated for viability (V). 

If V was not affected at the highest tested concentration (HTC), then 4 x HTC was used as 
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surrogate EC50(V) (marked with . For EC25 calculation, the HTC was multiplied with 2 in this 

case) (Krug et al. 2013a). If the V was affected significantly, but by <50%, the highest tested 

concentration was taken as surrogate EC50(V) (marked with °). If no EC50 for neurite area could 

be calculated, but neurite outgrowth was inhibited significantly, the highest tested concentra-

tion was taken as surrogate EC50(NA). 

6.1.2.6. Analysis of the chemical space 

The physicochemical characteristics of the ToxCast + Tox21 (called Tox21), DrugBank, and 

NTP80 collection chemicals was performed as described earlier (Nyffeler et al. 2017a). The 

structures of the compounds were obtained from the SMILES provided in the original sources, 

converted to SDFile format (RDKit version 0.9.2 (www.rdkit.org) and protonated to pH 7.4 us-

ing Moka version 1.1 (Milletti et al. 2007). The molecular weight (MW) and octanol-water dis-

tribution coefficient (logP) were obtained using RDKit. 

The structures were normalized using standardizer (https://github.com/flatkinson/standardiser, 

accessed: 21st November 2016) and converted to 3D using Corina version 3.494 (Sadowski 

et al. 1994). These were then used to generate GRIND2 descriptors (Duran et al. 2009; Pastor 

et al. 2000) making use of Pentacle software version 1.0.6 

(www.moldiscovery.com/software/pentacle), with default settings. The resulting molecular de-

scriptors were then projected into the principal component analysis (PCA) scores obtained for 

a collection of ca. 9000 Tox21 and DrugBank compounds (USEPA 2016; Wishart et al. 2008) 

following a similar procedure (Supporting Information Excel File). 

From the original 75 NTP80 collection compounds, the following four had to be removed from 

physicochemical analyses because they are salts or contain metallic elements not supported 

by our methods: (i) methylmercury (II) chloride (MeHgCl), (ii) acetic acid manganese (2+) salt, 

(iii) bis(tributyltin)oxide and (iv) methylcyclopentadienyl manganese tricarbonyl. For the re-

maining 71, logP and MW values were obtained. In the process of computing the GRIND2 

molecular descriptors, two more compounds had to be removed: saccharin sodium salt hydrate 

and benzo(b)fluoranthene. Thus, the final series projected in the ToxCast and Tox21 space 

contained 69 compounds. 

6.1.2.7. Statistical analysis and data mining  

The Tox21 database (retrieved via NTP Sandbox https://ntp.niehs.nih.gov/sandbox/tox21-ac-

tivity-browser/, accessed June 28th, 2016) was mined for all compounds that were active in 

the NeuriTox test and for which a BMC value could be calculated.  

Statistics were performed using GraphPad Prism 5. Neurite outgrowth data were tested for 

significance by one-way ANOVA followed by a Dunnett’s post-hoc test at the significance level 

of p <5%. The summaries displayed are usually based on independent experiments (different 

cell lots) and are termed here “biological replicates”. 
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6.1.3. Results and Discussion 

6.1.3.1. Characterization of the chemical properties of the screened library 

The library (NTP80 collection) used here for screening, consisted of 75 different compounds, 

of which five were present as independent duplicates. The latter were intended as internal 

consistency-controls, so that there were “80 compounds” to be tested. The test items were 

classified into groups according to their main use or chemical structure: drug/drug-like, poly-

cyclic aromatic hydrocarbons (PAH), pesticides and plasticizers made up for 72.5% of all com-

pounds. The remaining compounds were environmental and industrial chemicals, as wells as 

heavy metals (Fig. MS1_1A and Fig. MS1_S1). For basic characterization of the library struc-

ture, the distribution of physicochemical properties was visualized. A plot of hydrophobicity 

(logP value) vs molecular weight showed that the library compounds spread out over a sizable 

part of the plot space defined by other compounds of toxicological concern (here exemplified 

by ca. 10,000 compounds from the ToxCast/Tox21 and DrugBank data bases (Fig. MS1_1B) 

(USEPA 2016; Wishart et al. 2008). However, the NTP80 collection covered only parts of the 

relevant chemical space, and it was over-represented in the “lower-right part” of the logP-MW 

plot, where the PAHs clustered.  

For broader characterization of the chemical space occupied by the NTP80 collection, a large 

set of GRIND2 molecular descriptors was calculated for each compound. These descriptors 

sum up multiple chemical properties, and can be considered as a comprehensive approach to 

characterize a compound. The same descriptors were derived for the compounds of the Tox21 

and DrugBank libraries, and the latter data were displayed as a principal component analysis 

(PCA) scores plot. The NTP80 compounds were then projected into the same PCA scores 

space (Fig. MS1_1C). Altogether, they were spread out over a sizable area of this PCA scores 

map. However, it was also clear that larger screens are required to the cover chemical space 

more comprehensively.  

6.1.3.2. Assay features and performance 

In order to run the NeuriTox test in the high-throughput mode, proliferating LUHMES cells were 

switched to medium favoring neuronal differentiation (Fig. MS1_2A), and treated with com-

pounds. Each potential toxicant was tested at 10 concentrations that were logarithmically 

spaced. To monitor assay quality, several solvent control (0.1% DMSO) and positive control 

(50 nM narciclasine) wells were included on each test plate (Fig. MS1_S3). After 24 h of ex-

posure, cells were live-stained to assess neurite outgrowth and viability at the same time. 

LUHMES treated with solvent control (DMSO) grew neurites, which were longer than the di-

ameter of their somata, and the total area within each imaging field covered by neurites was 

quantified. Cells treated with 50 nM narciclasine generated a neurite area that was significantly 

reduced (Fig. MS1_2B). As part of the standard operating procedure (SOP), acceptance crite-

ria were defined that described the limit of variation acceptable within a plate for inclusion into 

data analysis. These were (i) a neurite area of at least 45,000 pixels per well (cell number and 

frames per well were constant) in the solvent control wells, (ii) a viability (viable cells = double 
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positive for calcein and Hoechst) of >90% in solvent control cells, (iii) a reduction of neurite 

area in cells treated with narciclasine (50 nM) by at least 25% relative to DMSO control and 

(iv) a viability of the narciclasine-treated cells of greater 90% relative to DMSO control. Analysis 

of these acceptance criteria across 36 test plates, run on 12 different days showed a robust 

performance of the assay (Fig. MS1_2C+D).  

 

Fig. MS1_1: Characterization of the chemical properties of the screened library 

A) The 75 unique compounds of the NTP80 collection may be classified as drug/drug-like compounds, polycyclic 

aromatic hydrocarbons, pesticides, flame retardants, industrial chemicals, environmental toxicants, heavy metals, 

food additives, plasticizers and solvents. The numbers in the circle sectors indicate how many compounds the 

respective class consists of. B) The molecular weight (MW) of the compounds of the NTP80 collection was plotted 

against their hydrophobicity (logP). For comparison, the same plot displays the respective data for the Tox21 and 
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DrugBank libraries. For orientation, polycyclic aromatic hydrocarbons (PAH) present in the NTP80 collection were 

encircled. Detailed data are given in a supplementary file. C) An extensive set of molecular descriptors was gener-

ated for the combined Tox21 and DrugBank libraries (grey dots) as described in the methods section. Then, a 

principal component analysis (PCA) was performed and the first two principal components (PCs) were used to plot 

the chemical space of this large compound selection (ca. 9000 compounds) in the background. The same molecular 

descriptors were then determined for the NTP80 compounds and their positions were marked on the PCA plot 

(black). The specific hits of the screen described later in this publication are highlighted in red. 

 

Fig. MS1_2: Assay features and performance characteristics for the NeuriTox assay in screening mode 
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A) Differentiation and exposure scheme used to assess neurite outgrowth inhibition of LUHMES cells. The assay 

was performed from the second (d2) to the third day (d3) after differentiation. To ensure a reproducible start, cells 

were always replated one day before the start of the differentiation (d-1). They were again replated into 96 well 

plates on d2 and treated one hour afterwards. Image acquisition was performed 24 h after the start of the treatment. 

B) Representative images of solvent and positive controls. The nuclei were stained with H-33342 and the cytoplasm 

was stained with calcein-AM. After automated imaging, an algorithm was applied that recognized the nuclear area 

(marked in green) and the overall neuronal area. The program then identified the neuronal somata (based on iden-

tified nuclei) and subtracted the somatic area from the neuronal area to obtain the neurite area (marked in red). 

Viability analysis was performed on the same pictures using combined information from the H-33342 and calcein 

channels. Cells positive for H-33342 and calcein were counted as live cells, whereas H-33342 single-positive cells 

were counted as dead cells. Images on the left side have a width of 330 µm. C) To obtain data on overall robustness 

of the test system, the absolute neurite area and the percentage of live cells were determined for the DMSO solvent 

control wells of 36 test plates of different days and differentiations.  One assay (= biological replicate) consisted of 

three technical replicate test plates, which had five similar treated DMSO wells each. The data of these five wells 

are displayed as single points, their mean as horizontal line. The minimum neurite area to accept a test plate was 

45,000 pixels on average per recorded well of untreated cells (orange dotted line). D) Narciclasine (50 nM) was 

used as positive control to establish screen acceptance standards. Five wells of cells treated with this positive 

control were included in each assay plate of the screen. Neurite area and viability were measured after 24 h of 

treatment. Values for neurite area and viability were averaged and normalized against DMSO controls. Data from 

5 wells per test plate, 36 test plates and 12 different assays are displayed. The threshold for acceptance of the test 

plate was a mean neurite area of ≤75% of DMSO control, while mean viability had to be ≥90%. 

6.1.3.3. Workflow for screening and data analysis of the NeuriTox test  

For the actual screen procedure, a defined workflow was established that contained several 

pre-determined decision points. All compounds were tested at 1:1000 dilutions of their stock 

concentration, and at subsequent 3-fold dilution levels. For most compounds, the stock was 

20 mM, so that the test concentrations were 20 µM, 6.7 µM, 2.2 µM, 0.7 µM, 0.25 µM, 82 nM, 

27 nM, 9 nM, 3 nM, and 1 nM. For 2,2',4,4',5,5'-hexabromodiphenyl-ether, chrysene, 

dibenz(a,h)anthracene, bis(tributyltin) oxide, benzo[g,h,i]perylene, 2,3,7,8-tetrachlorodibenzo-

p-dioxin , lower stock concentrations were used.  

Data, expressed relative to DMSO solvent control, were used for log-logistic 4-parameter curve 

fitting (11 data points for each of the two endpoints: neurite area (NA) and viability (V)). Sub-

sequently, hit identification was conducted in a two-step process. Initially, compounds were 

classified as “active”, if they affected NA or V significantly (one-way ANOVA and Dunnett’s 

post-hoc test) at any test concentration, or when they reduced NA or V by ≥20%. Otherwise, 

they were classified as “inactive compounds”. For active compounds, it was examined in a 

second step, whether there was at least one concentration tested that affected NA significantly, 

while V was not decreased significantly. If this was the case, the compound was classified as 

a “hit compound”. Compounds that affected NA and V similarly at all concentrations, were 

classified as unspecific “cytotoxic compounds”.  

For the primary hits (=”hit compound”), a hit confirmation testing was conducted. For that, the 

tested concentration range was adjusted to optimally span the estimated EC10, and three new 

independent experiments were performed. EC50 values were calculated according to the same 

procedure as for the screen data. Then, the EC50 ratio of V and NA, i.e. the offset of neurite 

outgrowth vs. viability decrease, was calculated. These data were used as basis for the assay 
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prediction model. If that ratio was ≥4, the compound was classified as “specific (developmen-

tal) neurotoxicant”, while the compound was graded as “cytotoxic compound” if the ratio was 

<4 (Fig. MS1_3). 

 

Fig. MS1_3: Workflow for screening and data analysis of the NeuriTox test 

During the screening, each NTP80 compound was tested at 10 concentrations (plus solvent control), starting at a 

maximum concentration of 20 µM and then in three-fold dilutions. Altogether, the screen was performed three times 

(independent biological replicates). Curve fitting was performed for neurite area (NA) and viability (V). If NA or V 

was neither significantly different from solvent control nor altered to more than 20%, the compound was classified 

as inactive. Otherwise the compound was considered to be active. If active compounds affected NA at ≥ one con-

centration that did not affect V, they were classified as “hits”. These were retested independently in an adjusted 
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concentration range with subsequent curve fitting and EC50 calculation. If the EC50 ratio of V/NA was ≥4, the com-

pound was classified as “specific (developmental) neurotoxicant”. Otherwise it was classified as “cytotoxic”. 

 

Fig. MS1_4: Overview of NeuriTox screen results 

A) LUHMES cells differentiated for two days were plated at a density of 100,000 cells/cm² (ca. 30,000 cells/well) 

into 96 well plates, treated one hour later and analyzed after 24 h. Neurite are (NA, orange) and viability (V, black) 

were determined by high content imaging. Concentration-response curves are given for compounds that were clas-

sified as hits. Green boxes outline concentrations which only affected NA but not V. B) Comparison of lowest ob-

served adverse effect levels (LOAEL, lowest experimentally tested concentration that resulted in a change that was 

statically significant from control) for NA of screen hits. C) Examples for concentration response curves for cytotoxic 

compounds without specific neurite effects. EC50 concentrations are indicated for NA and V as well as their ratio. 

D) Examples for three compounds which gave ambiguous responses in the screen (apparent drop of NA at 20 µM 

vs. control or vs. low (1 nM) concentration). All data are means ± SEM from three biological replicates, dotted lines 
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are drawn at 100% and 50%. #: compound position on the library plate if compound was present twice. *: p <0.05, 

by one-way ANOVA followed by Dunnett’s post-hoc test. 

6.1.3.4. Overview of NeuriTox screen results 

After testing of all “80 compounds” in three independent experiments in the NeuriTox test, 

concentration-response graphs were produced for subsequent data analysis. Seven com-

pounds (valinomycin, berberine chloride, colchicine, carbaryl, diethylstilbestrol, rotenone and 

MPP+) caused a significant decrease in neurite area at concentrations, which did not affect 

viability (Fig. MS1_4A). Therefore, these compounds were classified as “active hit com-

pounds”. The lowest tested concentration that evoked an adverse effect (i.e. statistically sig-

nificant reduction in neurite area compared to control) was compared across these com-

pounds, and it ranged between 27 nM (colchicine) and 20 µM (carbaryl and berberine chloride) 

(Fig. MS1_4B). 

Most cytotoxic compounds affected the neurite area and cell viability to about the same extent 

at any tested concentration (Fig. MS1_4C, Fig. MS1_S5). As methylmercury (II) chloride was 

present as duplicate on the master plate, it was tested twice (as compound #69 and #77). The 

resulting curves overlapped to a large extent, indicating assay robustness and reproducibility. 

EC50 values were calculated for clear cytotoxicants directly from the screen results. Unclear 

screen results were obtained only for some compounds (Fig. MS1_4). In these cases, the 

available data were not considered sufficient for classification of the respective chemical (e.g. 

as a neurotoxicant). Therefore, three compounds were re-tested. Captan proved to be a cyto-

toxicant with relatively low potency, while tebuconazole and triphenylphosphate (the latter pre-

sent twice in the library) were clearly non-toxic at concentrations up to 20 µM (Fig. MS1_4D, 

Fig. MS1_S6), resulting in a toxicity EC50 of 238 µM for tebuconazole and >200 µM for tri-

phenylphosphate, when an extended concentration range was examined. 

6.1.3.5. Hit confirmation testing and hit definition in the NeuriTox test 

For the hit confirmation testing, the compounds were re-purchased, and new stocks were pre-

pared. Re-testing was performed using the same method, but within an optimized concentra-

tion range to facilitate EC50 calculation. The limits to this were compound solubility and a max-

imum DMSO concentration of 0.33% (V/V) in the NeuriTox test. All compounds that were 

identified as “active hit compound” in the screen, were confirmed (Fig. MS1_5A). The EC50 

ratio of the compounds classified as “active hit compounds” ranged between 4.1 (diethylstil-

bestrol) and 620 (valinomycin) in the hit confirmation testing. Therefore these seven com-

pounds were classified as specific (developmental) neurotoxicants (Fig. MS1_5B). Concerning 

the potency of the hit compounds, the EC50 values for reduction of neurite area ranged from 

10 nM (valinomycin) up to 80 µM (MPP+). Even lower potencies were seen for some com-

pounds, e.g. for tebuconazole (142 µM), but the latter compound was not a specific neurotox-

icant, according to our prediction model. 

 



Results: Manuscript #1 – A High-Throughput Approach to Identify Specific Neurotoxicants / Developmental 
Toxicants in Human Neuronal Cell Function Assays 

32 

 

Fig. MS1_5: Results of the NeuriTox hit confirmation testing 

A) Compounds that were classified as hits after the first round of screening were re-ordered independently and re-

tested for their effect on neurite outgrowth inhibition (NA, orange) and viability (V, black) in an adjusted concentration 

range (otherwise same experimental setup as for the screening). EC values and their ratios were calculated from 

four-parameter log-logistic fit functions. Displayed are the curves for the compounds that were classified as specific 

(developmental) neurotoxicants. B) Comparison of the EC50 values for NA and viability of the compounds that went 

through hit confirmation testing. If the EC50 ratio V/NA was ≥4, the compound was classified as specific (develop-

mental) neurotoxicant (not for captan (Cap) and tebuconazole (Te)). Detailed explanations for calculations and rule 

sets applied in case of curves not hitting the 50% level (°, ) are given in the methods description. All data are 

means ± SEM from three biological replicates, dotted lines are drawn at 100% and 50%. *: p <0.05, by one-way 

ANOVA followed by Dunnett’s post-hoc test. 

We were interested in to what extent the hit definition depended on the prediction model. Here, 

we had used the well-established prediction model of the NeuriTox test (based on EC50 values) 

as the default method (Krug et al. 2013a; Stiegler et al. 2011). It had been developed specifi-

cally for this assay, and it differs (i) from the one used for other assays of neurite growth 
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(Flaskos et al. 2011; Frimat et al. 2010; Harrill and Mundy 2011; Harrill et al. 2013; Howard et 

al. 2005; Yang et al. 2014), (ii) from that of other assays that screened the same library (Ryan 

et al. 2016; Sirenko et al. 2017), and (iii) even from other assays developed in our own labor-

atory (Nyffeler et al. 2017a). If multiple assays are to be compared, as in the Tox21 program 

(Judson et al. 2014; Judson et al. 2016; Judson et al. 2015; Tice et al. 2013) or in screening 

the NTP80 collection, it may be advantageous to use a more generalized algorithm for hit 

definition. One such approach, taken by the NTP, uses the concept of benchmark concentra-

tions (BMC). The underlying idea is that hits are defined by their distance from the background 

noise of a given assay. In more mathematical terms, the following steps are taken: (i) the 

standard deviation of negative controls is determined (= background noise level, BN); (ii) this 

information is used to define a benchmark response (BMR), which follows the same rule for 

each assay (e.g. BMR= 3 x BN); (iii) a concentration-response curve is fitted through the test 

compound data; (iv) the intersection of this curve with the BMR level is determined; (v) the 

concentration of the compound corresponding to this intersection-point is determined as the 

BMC. This procedure was applied here both for the viability and for the neurite area data ob-

tained in the NeuriTox screen (Fig. MS1_S4). 

The identification of active compounds obtained by this BMC method was largely similar to the 

prediction model of the NeuriTox assay (Fig. MS1_S4B). Differences were only observed for 

the classification of ‘borderline compounds’ into cytotoxic or specific developmental neurotox-

icants. In such cases, one or the other approach may be more sensitive or specific (depending 

on variations and type of uncertainty of the test data). It was obvious that also the setting of 

the specificity-thresholds affected hit identification. For instance, if specificity of a compound 

was classified by the BMC ratio (ratio BMCV/BMCNA), and the threshold was set at 3.16 (Ryan 

et al. 2016), valinomycin and carbaryl were classified as cytotoxic. If that ratio was changed to 

2, the BMC method classified the same compounds as specific DNT-compounds, in agreement 

with the EC50 method (Fig. MS1_S4B). 

Three compounds, bisphenol A (BPA), 2,2’,4,4’-tetrabromodiphenylether (TBDE), and 

2,2’,4,4’,5’-pentabromodiphenylether (PBDE) showed larger than normal data variation in the 

screen. According to the NeuriTox data analysis workflow, all three were initially classified as 

“active”. These compounds were also active according to the BMC method. However, re-test-

ing of BPA showed that it actually has no effect up to 100 µM (data not shown), while the others 

retained a classification as “unspecific cytotoxicants”.  

In summary, this comparison of entirely different hit definition approaches showed that they 

mostly lead to similar results. This suggests that the test method is robust. Moreover, it shows 

that both approaches may be useful, depending on the intended use: the BMC method may 

be more sensitive (less false negatives), and it is less dependent on the part of the curve that 

reflects high toxicant concentrations. On the other hand, it depends highly on the quality of the 

data in the low toxicity range. 



Results: Manuscript #1 – A High-Throughput Approach to Identify Specific Neurotoxicants / Developmental 
Toxicants in Human Neuronal Cell Function Assays 

34 

6.1.3.6. Chemical characterization of specific hit compounds (=specific 

(developmental) neurotoxicants) 

To elucidate, whether the NeuriTox test has a bias to detect compounds with certain physico-

chemical properties, these were investigated for the set of tested compounds. Compounds that 

were identified as specific neurite outgrowth inhibitors in the NeuriTox test, were analyzed 

regarding their hydrophobicity and molecular weight (Fig. MS1_S2A). While there was no bias 

for a certain molecular weight detectable, all identified specific neurite outgrowth inhibitors 

were located in a medium hydrophobicity range (logP values 0-5). A more generalized ap-

proach, using hundreds of chemical descriptors (GRIND2 physicochemical descriptors), 

showed that the specific neurite outgrowth inhibitors were evenly distributed within the physi-

cochemical properties of the NTP80 collection compounds, and even within the chemical 

space of large libraries as Tox21 and DrugBank (Fig. MS1_1C, Fig. MS1_S2B). These data 

suggest that the NeuriTox test has no obvious classification bias with respect to physicochem-

ical properties. 

 

Fig. MS1_6 Comparison of NeuriTox Data with Tox21 data sets 

A) Benchmark concentrations (BMC) were calculated as a measure for “onset of toxicity” for all active compounds 

across different assays. The BMC values for neurite outgrowth inhibition of LUHMES cells were in the range of the 

EC25 values. They were visualized together with BMC viability data of the Tox21 data set (n=168 viability endpoints 

in total, 7-28 per compound). B) Comparison of the BMC for neurite outgrowth inhibition of active NeuriTox assay 

compounds with BMC values for specific functional endpoints (e.g. receptor activation, stress response signaling) 

assessed in the Tox21 screening (n=123 specific endpoints in total, 8-16 per compound), excluding viability data, 

and versus a previously published neurite outgrowth test method (Ryan et al. 2016). If no BMC could be calculated 

for NeuriTox or the test method reported by Ryan, it was set to 100 µM for visualization reasons. Boxes display the 

25th and 75th percentiles as well as medians. The whiskers span from the 10th to 90th percentiles, data points beyond 

these limits are displayed as individual points. 
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6.1.3.7. NeuriTox hits in the light of Tox21 data on these compounds 

For all active compounds, identified from the NTP80 collection by the EC50 and BMC method, 

available data were extracted from the Tox21 database. In order to compare data from different 

assays, the BMC value for the most sensitive measured endpoint was used. On this basis, the 

impairment of LUHMES neurite outgrowth was compared with all viability data in the Tox21 

library (boxes and whiskers, n=168 viability endpoints in total, 7-28 per compound) (Fig. 

MS1_6A). For 11 of the 13 compared compounds, inhibition of LUHMES neurite outgrowth 

was more sensitive than the median response of the Tox21 assays, for 10 of the 13 com-

pounds, LUHMES cells were even more sensitive than the 25th percentile fraction of the Tox21 

viability results. For valinomycin and MPP+, no Tox21 results were available. 

Furthermore, LUHMES neurite outgrowth was compared against functional endpoints (e.g. re-

ceptor activation or stress response signaling (n=123 specific endpoints in total, 8-16 per com-

pound) measured in the Tox21 set up, excluding viability measurements. Data from a recently 

published neurite outgrowth test method were included in this comparison (Ryan neurites, 

Ryan viability, Fig. MS1_6B) (Ryan et al. 2016). 

For 9 of the 13 compounds, LUHMES neurite outgrowth was a more sensitive endpoint, than 

the median of all functional Tox21 data. For all compounds, except from berberine chloride, 

the NeuriTox test was more sensitive than the alternative neurite outgrowth test method used 

by Ryan. The parkinsonian toxicant MPP+ was only detected in the NeuriTox test. This is con-

sistent with the known mode of action, which requires the dopamine transporter. The latter is 

expressed in LUHMES cells (Lotharius et al. 2002; Schildknecht et al. 2009), but not in the 

mixed neuronal cultures used by Ryan et al. (Ryan et al. 2016). 

6.1.3.8. Re-testing of the NTP collection in the PeriTox test 

We were interested in how far hits in the NeuriTox screen (hazard of compounds to central 

nervous system neurons) would overlap with the activity of compounds of the NTP80 collection 

in a recently established (Hoelting et al. 2016) test of peripheral neurotoxicity (PeriTox test). 

This method uses human immature dorsal root ganglia neurons (iDRG) that are produced from 

pluripotent stem cells, and that are still in a phase of neurite growth. Like in the NeuriTox assay, 

exposure to toxicants in this test is for 24 h, and readouts for viability (V) and neurite area (NA) 

are also conducted in a similar way (Fig. MS1_7A). 

Three independent screen runs were performed, and eight compounds were identified as “ac-

tive hit compounds” according to the evaluation algorithm specified above for the NeuriTox 

test. These compounds (berberine chloride, carbaryl, colchicine, diethylstilbestrol, rotenone, 

valinomycin, iodocarb, and methylmercury chloride) underwent subsequent hit confirmation 

testing. Seven of the eight compounds were confirmed as specific hits according to the pub-

lished prediction model (EC50 ratio viability/neurite area ≥3; (Hoelting et al. 2016)). Carbaryl 

failed this verification step (Fig. MS1_7B, Fig. MS1_S1). After the screen, we included acryla-

mide in the group of hits. This is known from a former publication (Hoelting et al. 2016) to be 

a specific and active compound in the PeriTox assay, but at concentrations ≥20 µM (Fig. 
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MS1_7B). As further post-testing step, valproic acid (VPA) was classified as cytotoxic. This 

was done on the basis of previously obtained data in a much higher concentration range than 

used in the screen (Fig. MS1_S7). For carbaryl and VPA, the ratio of the EC50 values for NA 

and V was >2 but <3. We investigated alternative prediction models (BMCs, EC30, EC25 and 

EC20 ratios, Fig. MS1_S7) to explore whether they would indicate a specific effect of the toxi-

cants. However, a ratio >3 was reached by neither approach. Thus, the default prediction 

model appears to yield a robust definition of hits and non-hits. 

 

Fig. MS1_7: Comparison of the PeriTox test results with NeuriTox test hits 

A) Exposure scheme for PeriTox test. Immature human dorsal root ganglia neurons were differentiated from plu-

ripotent stem cells and frozen. For testing, cells were thawed and plated into 96 well plates (left edge of scheme). 

Treatment was initiated at one hour after plating. After 24 h, nuclei were stained with H-33342 and the cytoplasm 

was stained with calcein-AM. Then cells were imaged and an algorithm was applied that identified the neurite area 

and viability. Representative images of the calcein-stain are shown for the different times after seeding. Image width 

is 175 µm. B) The NTP80 collection of compounds was screened in the PeriTox assay. Neurite area (NA, orange) 

and viability (V, black) were determined in at least six concentrations to identify hits. Compounds identified as hits 
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in the PeriTox screen were re-tested and hit confirmation data are displayed. EC values and their ratios were cal-

culated from four-parameter log-logistic fit functions. Compounds with an EC50 ratio (V/NA) ≥3 were classified as 

specific hits in the PeriTox test. The rule set used for ratio calculations is specified in the methods section. All data 

are means ± SEM from three biological replicates, dotted lines are drawn at 100% and 50%. *: p <0.05, by one-way 

ANOVA followed by Dunnett’s post-hoc test. C) To visualize differences between central nervous (NeuriTox) and 

peripheral (PeriTox) neuropathy hazard, BMC values for neurite outgrowth inhibition of PeriTox were plotted against 

NeuriTox test BMC data. Compounds marked with # were only specific in PeriTox, whereas compounds marked 

with * were only specific in NeuriTox; compounds without an extra mark where specific hits in both tests. The light 

blue area marks where the PeriTox test was more sensitive, whereas the light yellow area indicates where the 

NeuriTox test was more sensitive. For visualization reasons, MPP+ was assigned an arbitrarily BMC(NA) of 1000 

µM for the PeriTox test, although it was not active at all. D) Comparison of the BMC(V/NA) ratios of the compounds 

that were classified as specific hits in either the NeuriTox or PeriTox tests. Blue bars represent the ratios for Neu-

riTox, green bars for PeriTox. For visualization reasons, ratios >5 were cut. Compounds marked with # were only 

specific in PeriTox, whereas compounds marked with * were only specific in NeuriTox. 

For the PeriTox hits, the potency spanned a range from 20 nM (EC50(NA)) for valinomycin to 

2.3 mM (EC50(NA)) for acrylamide. The offset between adverse effects on NA and V (EC50 

ratios) ranged from 3.2 (acrylamide) up to 330 (rotenone). These ratios were useful ranking 

measures within the PeriTox assay. However, they are based on various assumptions (e.g. 

curve shape and steepness) and they were therefore considered problematic for comparisons 

with other assays (e.g. the NeuriTox test). In order to directly compare the effects of the same 

set of compounds on different tests (NeuriTox vs PeriTox), the BMC(NA) values (referring 

more to the onset of toxicity) were plotted for compounds which were identified as specific 

compounds in at least one of the tests (Fig. MS1_7C). This approach allowed the comparison 

of the hazard to the central nervous system (NeuriTox) vs the peripheral nervous system (Per-

iTox). The NeuriTox assay showed a tendency to be affected at lower compound concentra-

tions, when the compound was a hit. The PeriTox had a higher hit-rate (detection of acryla-

mide, iodocarb and methylmercury chloride). The PeriTox detected acrylamide, a well-known 

peripheral neurotoxicant (Cavanagh 2000; Spencer and Schaumburg 1975), whereas the Neu-

riTox assay identified MPP+ as a hit, well in accordance with the known central nervous toxicity 

(Schildknecht et al. 2017) of this compound (Fig. MS1_7C).  

For comparisons of the specificity (V/NA ratios) of the test, the default prediction models have 

disadvantages (rules dealing, for example, with viability curves that did not drop to a 50% 

level). Thus, BMC values were used. This comparison shows that there are indeed some dras-

tic differences (e.g. for MPP+). It also demonstrates that some differences in the identification 

of specific hits are not very robust. For instance, acrylamide, re-tested at high concentration in 

the PeriTox and NeuriTox assays was a specific PeriTox hit according to the individual test 

prediction models. Comparison of BMC ratios suggests however, that the differences between 

the tests are minor. In such a borderline situation, a compound may end up by chance on either 

side of the hit threshold, and for some purposes, it would be useful to introduce a third category 

(besides hits and non-hits) of “borderline compounds” (Fig. MS1_7D).  

The comparison also clearly shows the advantage of using two complementary assays for the 

same type of endpoints, if sensitivity of compound identification (e.g. for further testing) is a 

major issue. The combination of both tests had a higher sensitivity for detection of potentially 

hazardous compounds. 



Results: Manuscript #1 – A High-Throughput Approach to Identify Specific Neurotoxicants / Developmental 
Toxicants in Human Neuronal Cell Function Assays 

38 

 

Fig. MS1_8: Cross comparison of test data for the NTP80 collection 

NeuriTox (= UKN4) and PeriTox (= UKN5) data obtained here are shown in the context of published data from other 

test runs on the NTP80 collection. The effect of the compounds on the different tests is indicated as specific effect 

on cell function (blue), cytotoxic effect (red) or no effect (white); light red coloring indicates that the used assay did 

not discriminate between specific effects and cytotoxicity (Pei et al. 2016). For the specific hits of the NeuriTox, 

PeriTox and cMINC tests (Nyffeler et al. 2017a; Nyffeler et al. 2017b), the EC25 for the most sensitive endpoint is 
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given in µM. For the NeuriTox test, specific hits were defined by an EC50(V/NA) ratio of ≥4, for the PeriTox test the 

ratio had to be ≥3. For the cMINC test, compounds inhibiting migration to ≥25% without affecting viability to more 

than 10% were considered specific. For the alternative neurite outgrowth model (Ryan et al. 2016), specificity was 

defined as ratio between BMC concentrations for viability and neurite area ≥ 3.16 and the confirmation of this clas-

sification in a retesting. In the cardiotoxicity test (Sirenko et al. 2017), compounds were defined as specific if they i) 

affected cardio-physiologic parameters after 30 min treatment at a three-fold lower concentration than viability and 

ii) if they had no effect on viability after 24 h. If not stated otherwise, NeuriTox, PeriTox and cMINC were performed 

with 20 µM as highest concentrations (with a DMSO concentration of 0.1%). Other assays were performed at up to 

100 µM (with up to 0.5% DMSO in the test). An asterisk (*) indicates that the compound was tested at higher than 

standard concentrations, ° indicates that a compound was tested at lower than standard concentrations, # indicates 

that the calcein signal was impaired, but the authors didn’t conclude cytotoxicity from that. 

6.1.3.9. Comparison of data from neurite toxicity assays to other published DNT tests 

Hazardous effects of the NTP80 collection have so far been described in four publications, 

which span a pure cytotoxicity assessment of cells in varying neural differentiation states  (Pei 

et al. 2016), an alternative neurite outgrowth model (Ryan et al. 2016), and highly function-

based studies focusing on the migration of neural crest cells (Nyffeler et al. 2017a) or adverse 

effects on cardiomyocyte function (Sirenko et al. 2017). These data were synoptically com-

pared to the results of our study (Fig. MS1_8). 

In the first published screen (Pei et al. 2016), cytotoxicity was assessed after exposure to the 

NTP80 collection compounds at two different concentrations (10 and 100 µM) for 72 h. In this 

study, many compounds appeared cytotoxic to neural cells, but a hit confirmation was not 

performed. On the other hand, the cardiotoxicity screen (Sirenko et al. 2017) addressed a 

broad set of endpoints and more than half of the 69 tested compounds affected cardiomyo-

cytes in some way. A prediction model still also needs to be developed for that test method. 

For our comparison, we ranked only those compounds as potentially cardiotoxic, which i) af-

fected cardio-physiologic parameters after 30 min treatment at a three-fold lower concentration 

than viability and ii) if they had no effect on viability after 24 h. For the Ryan et al. neurite 

outgrowth model (Ryan et al. 2016), we adopted the classification suggested by the authors: 

specific neurotoxic had a BMC for neurite outgrowth that was at least 3.16-fold (= one half-log 

dilution step) lower than for general cytotoxicity. For the neural crest migration (cMINC) 

(Nyffeler et al. 2017a) as well as for the NeuriTox and PeriTox tests, the published prediction 

models were used (Hoelting et al. 2016; Krug et al. 2013a). 

Limiting the comparison to compounds selectively active for neuro or cardio effects, the cMINC 

test and the cardiotoxicity assay classified the highest number of compounds (23 and 32, re-

spectively). Further analysis of the specific compounds showed that none of the tested com-

pounds evoked a specific response in all assays. However, seven of the 69 compounds (rote-

none, diethylstilbestrol, berberine chloride, valinomycin, carbaryl, methylmercury(II)chloride, 

and iodocarb) were active (not necessarily specific) according to all test methods looking at 

full concentration responses. 

Comparing which compounds were classified as specific between neural (NeuriTox, PeriTox, 

cMINC) cell based tests and the cardiotoxicity test method, showed that many compounds that 

were specific in the neuronal system were generally cytotoxic in the cardiomyocyte-based test 
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method (e.g. rotenone, diethylstilbestrol, berberine chloride, valinomycin), whereas com-

pounds that were specific in the cardiotoxicity test method were inactive or generally cytotoxic 

in the neuronal-based tests (e.g. carbaryl, hydroxydopamine). From this initial comparison of 

tests, the PeriTox and NeuriTox tests appear to have a largely overlapping specificity range. 

Moreover, most hits of the neurite assays are also identified by the cMINC test. However, the 

latter test identifies a large group of additional compounds. The cardiotoxicity test method 

seems to be largely complementary.   
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6.1.4. Conclusion and Outlook 

Our comparative compilation of screen data shows where gaps remain to be filled in data 

generation and interpretation. For instance, strong developmental toxicants, such as thalido-

mide and 5-fluorouracil, were not detected by any of the published screens. This pinpoints the 

need for supplementing the test battery with other complementary tests. 

Our comparison also revealed some technical issues that need to be addressed: (i) the defini-

tion of non-actives is difficult, especially if the highest tested concentration differs between 

screens. 

(ii) The use of nominal concentrations for comparisons poses problems, as the compound’s 

concentration that impacts the cell directly is influenced by its physicochemical parameters 

(e.g. extent of adhesion to plastic and serum binding), and the properties of the test system 

(cell density, medium type). The free soluble concentration in the culture medium or the intra-

cellular concentration would provide more comparable measures. 

(iii) Different concentrations of solvent (e.g. 0.1% (V/V) DMSO (=14 mM) or 0.5% (V/V) DMSO 

(=70 mM)) can effect screen results. 

(iv) Fixed concentration range screens that limit the highest possible concentration, prevent 

testing of low potency, but highly abundant, compounds at relevant exposure concentrations. 

Examples here were VPA and acrylamide, where clinical and accidental exposure can be 

higher than the highest tested concentration used in our screen. The issue of test concentra-

tions is also important in another context: how do the concentrations at which hits are observed 

relate to relevant in vivo concentrations? This point was neglected here, since the screen is 

designed to create alerts, and the follow-up evaluation would then prioritize them, e.g. taking 

various exposure scenarios and related estimates of human brain, plasma or fetal concentra-

tions into account. 

(v) For comparison of screen hits or for subsequent toxicological evaluations (e.g. for QSAR 

or read-across approaches), the different false-positive rates of screens are important. In order 

to obtain a good sensitivity (low number of false-negatives), hit definitions of screens are set 

in a way to allow many false-positives. For instance, if the significance level is set to 0.1, then 

a screen of 80 compounds will result in 8 false-positives. This number can subsequently be 

drastically reduced by secondary re-testing of hits.  

(vi) One of the most pertinent issues of hit definition are the test prediction models. Most 

screens, including NeuriTox and PeriTox, use binary models (hit/non-hit). Threshold setting 

requires in such cases a large learning and training set of negative, unspecific and positive 

control compounds (Crofton et al. 2011; Leist et al. 2010; Schmidt et al. 2017). For the Neu-

riTox and PeriTox tests, prediction models have been established, based on the evaluation of 

the EC50 ratio of viability and neurite area (Hoelting et al. 2016; Krug et al. 2013a; Stiegler et 

al. 2011). These prediction models are designed in a way that compounds that affect neurites 
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more potently than viability (EC50(V/NA) ratio >4 for NeuriTox and EC50(V/NA) ratio >3 for Per-

iTox) are considered specific neurotoxicants. It is important to note that the prediction model 

only makes a statement on positives (=neurotoxicants). The model does by no means imply 

that compounds with a low EC50 ratio (=non-hits) are non-toxicants. This potential fallacy must 

be strictly avoided. For instance, strong cytotoxicity under the given test in vitro conditions may 

mask a potential specific neurotoxic effect in vivo. 

(vii) Furthermore, it has to be considered, which curve-fitting approach and constraints were 

applied to yield summary data from the curve-fit to enter them into the prediction model. For 

instance, EC50 values are relatively robust against baseline fluctuations, but they dependent 

strongly on the shape of the concentration response curve (shallow vs. steep) and on the lower 

part (higher toxicity range) of the curve. In contrast, BMC values better define the actual onset 

of toxicity, but they depend strongly on the low-concentration data and baseline fluctuations. If 

the focus on data analysis is strong sensitivity (low false-negative rate), or comparison across 

many different models, the BMC is a very useful method.  

(viii) An issue that may also need to be revisited in the future is the classification of so called 

“borderline compounds”, where the EC50 ratio is close to the specificity threshold. Following 

the classical binary prediction model of e.g. the NeuriTox test, a compound with an EC50 ratio 

of 3.9 is classified as “cytotoxic”, whereas a compound with a ratio of 4.1 is a “neurotoxicant”. 

This sharp distinction contrasts with the statistical variation of data, e.g. in different screen 

runs. Therefore, it might be helpful to introduce a third category of “borderline compounds”, 

which comprises the range around the threshold (Leontaridou et al. 2017). Alternatively, a 

probability-based prediction model could be developed which is not based on distinct hazard 

classes (i.e. “non-specific”, “borderline”, “specific”) (Leontaridou et al. 2017), but which identi-

fies the compound’s hazard potential (Basketter et al. 2012; Hartung et al. 2013b; Jaworska 

and Hoffmann 2010; Judson et al. 2015; Leist et al. 2014; Paparella et al. 2017; Paparella et 

al. 2013). An example for such an approach is given in Fig. MS1_S8, but considerable further 

work is required to refine this approach. 

(ix) Another issue are acceptance criteria for test data and resultant curve shapes. Here, we 

used “inspection by the human eye” to ensure some plausibility (e.g. monotonic curve shapes). 

This procedure may introduce bias, and it is difficult to apply to large screens. An example 

from the NeuriTox screen is the concentration response curve for tebuconazole (Fig. 

MS1_4D). This compound never affected viability or neurite area to more than 20% and it 

would therefore be classified as non-hit. However, visual inspection showed a non-monotonic 

concentration-response curve. It was therefore re-tested, and was indeed identified as active 

cytotoxic compound (at high concentrations) (Fig. MS1_S6). 

(x) A toxicological concern are false negatives due to biological differences of the screen sys-

tem vs the in vivo situation. A typical example here is the non-toxicity of hexane, a known 

neurotoxicant. In vivo, hexane is activated by P450 enzymes to hexanedione and subse-

quently, this metabolite causes neurotoxicity. The lack of a metabolite activation system pre-

vents the detection of such toxicants. Similarly, the in vitro system may lack important toxicant 
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targets, or the used readout can be independent of a certain target activity. An example here 

is acetylcholinesterase (AChE), which does not play a role for the assay readout, and thus, 

typically neurotoxic AChE inhibitors are not detected. 

In order to transit from screen hits to more definite toxicological statements, it is usually nec-

essary to test whether a similar adverse effect can be confirmed with another test method 

(=secondary hit follow-up) (Nyffeler et al. 2017a). Here, the PeriTox test was used to gain 

further information on potential neurotoxic hazard. It needs to be noted that the NeuriTox and 

PeriTox assays do not test for identical toxicities, but that they are complementary to a certain 

extent. While the NeuriTox test was designed to identify toxicants that disrupt neurites of the 

central nervous system neurons, the PeriTox test was set up to detect peripheral neurotoxi-

cants. This complementarity is exemplified by the fact that the Parkinsonian toxicant MPP+ is 

only picked up by the NeuriTox test, while e.g. acrylamide was only identified as specific hit by 

the PeriTox test. However, since both tests are based on the impairment of neuronal struc-

tures, a certain degree of convergence is expected as well. Both tests identified the same five 

compounds (out of 7 or 8 specific hit compounds in the NeuriTox and PeriTox test, respec-

tively) as specifically neurotoxic. 

Knowing for which hazard assessment scenarios these tests can be applied, rationally struc-

tured test batteries can be built in an efficient (minimal overlap of tests) and sufficient (broad 

coverage of biological endpoints) manner.  
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6.1.8. Supplementary Material 

 

Fig. MS1_S1: Cross-comparison of test data for the NTP80 collection 

NeuriTox (= UKN4) and PeriTox (= UKN5) data obtained here are shown in the context of published data from other 

studies on the NTP80 collection. The effect of the chemicals on the different tests is indicated as specific effect on 

cell function (blue), cytotoxic effect (red), or no effect (white); light red coloring indicates that the used assay did not 

discriminate between specific effects and cytotoxicity ((Pei et al. 2016) = [6]). For the specific hits of the UKN4, 

UKN5, and UKN2 (= cMINC: [1] (Nyffeler et al. 2017b)) tests, the EC25 value for the most sensitive endpoint is given 

in µM. For the NeuriTox test, specific hits were defined by an EC50(V/NA) ratio of ≥ 4, for the PeriTox test the ratio 

had to be ≥ 3.3. For the cMINC test, compounds inhibiting migration to ≥ 25% without affecting viability to more than 

10% were considered specific. For the alternative neurite outgrowth model ([2]: (Ryan et al. 2016)), specificity was 

defined as ratio between BMC concentrations for viability and neurite area ≥ 3.16 and the confirmation of this clas-

sification in a retesting. In the cardiotoxicity test ([3]: (Sirenko et al. 2018)), substances were defined as specific if 

they i) affected cardio-physiologic parameters after 30 min treatment at a three-fold lower concentration than via-

bility and ii) if they affected viability by <10% after 24 h. If not stated otherwise, NeuriTox, PeriTox, and cMINC were 

performed with 20 µM as highest concentration, with a DMSO concentration of 0.1%. Other assays were performed 

at concentrations up to 100 µM (with up to 0.5% DMSO in the test). Additional information, as compound number 
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in the NTP80 collection, compound classification, Chemical Abstracts Service Registry Number (CAS#), molecular 

weight, and hydrophobicity (logP) are given. An asterisk (*) indicates that the substance was tested at higher than 

standard concentrations, ° indicates that a substance was tested at lower than standard concentrations, # indicates 

that the calcein signal was impaired, but the authors didn’t conclude cytotoxicity from that. Abbreviations: PAH = 

polycyclic aromatic hydrocarbon, env. t./heavy metal = environmental toxicant/heavy metal. 

 

Fig. MS1_S2: Characterization of the chemical properties of the screened library 

A) Characterization of the hydrophobicity and molecular weight of the NTP80 collection chemicals. Coloring was 

chosen for polycyclic aromatic hydrocarbons (PAH, blue), which cluster closely together at the lower right part of 

the plot, and for chemicals that were identified as hits in the NeuriTox test (red). Hit substances covered the full 

range of molecular weights and they were in the hydrophobicity range between logP 2 and logP 5. B) An extensive 

set of molecular descriptors was generated for the combined Tox21 and DrugBank libraries as well as for the NTP80 

collection. The chemical descriptors of the Tox21 and DrugBank libraries were used to define the axes of the prin-

ciple component analysis in which the chemicals of the NTP80 collection were plotted. The specific hits of the 

screen described later in this publication are highlighted in red – they are spread over the complete described 

chemical space. C) Table of used abbreviations of chemicals of the NTP80 collection. 
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Fig. MS1_S3: Chemical library handling 

The „master plate“ of chemicals was delivered with each well (A2-H11) filled with a different chemical (75 unique 

chemicals plus 5 internal duplicates as control). To keep the number of freeze-thaw cycles low and equal between 

the experiments, five compounds from the „master plate“ were always transferred to the „dilution plate“, where they 

were diluted in DMSO and complemented with DMSO wells (solvent control) and narciclasine (50 µM on “dilution 

plate”, 50 nM final concentration on cells, positive control). Several copies (=“aliquots”) of the „dilution plates“ were 

produced and stored at -80°C until use. 
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Fig. MS1_S4: Different scopes of data usage determine strategies for hit compound definitions 

A) Different data usages demand alternative data evaluation procedures. For hazard identification of compounds 

or for quantitative follow-up (e.g. QSAR, read-across), screen hits have to be confirmed by detailed hit confirmation 

testing in the same assay. Moreover, confirmation in a secondary assay is desirable. For initial screening and 

prioritization, in the context of big data sets like Tox21, priorities are rather on rapid processing and comparability 

of the hit definitions across multiple diverse assays. B) Comparison of the interpretation of the NeuriTox test out-

comes by either the EC50 method (NeuriTox prediction model), or the BMC method. Substances that were found to 

be active by at least one of the methods are shown. The specificity threshold for the NeuriTox test (and PeriTox) 

test was originally derived by statistical values from noise data in the assays (specific effect if EC50 ratio V/NA ≥4, 

Fig. MS1_3). The transformation of an EC50 ratio into a BMC ratio at about the EC20 level is not trivial. Curve 

variability, curve steepness, and steepness-dependence of variability differ in different parts of a fitted curve. Thus, 

here a BMC ratio of ≥3.16 was used as selectivity threshold, as this value has been used in the literature (Ryan et 

al. 2016). Substance classification: c= cytotoxic, s= specific hit. HIT: classified by both methods as specific hit. &: 

classified by both methods as cytotoxic. HIT(N): classified as active by both methods. Cytotoxic according to BMC 
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method, specific according to NeuriTox (N) method. $: retested and classified as cytotoxic by N method; no BMC 

derivable. Concentrations are outside the screen range. *: BMC was derived from screen data and thus classified 

as cytotoxic. Retesting and EC50 analysis revealed no toxicity in the range up 20 µM. °: Classified as active but 

cytotoxic by EC50 method but with EC values >20 µM. 2,2',4,4',5-PBDE: 2,2',4,4',5-pentabromdiphenylether, 

2,2'4,4'-TBDE: 2,2'4,4'- tetrabromdiphenylether. 

 

Fig. MS1_S5: Examples of NeuriTox screen data for cytotoxic substances 

A) LUHMES cells, differentiated for two days, were plated at a density of 100,000 cells/cm² into 96 well plates, 

treated one hour later, and analyzed after 24 h. Neurite area (NA, orange) and viability (V, black) were determined 

by high content imaging. Concentration-response curves are given for two representative cytotoxic substances 

(hexachlorophen and bis(tributyltin)oxide). Since these substances were clearly cytotoxic, EC50 values were calcu-

lated directly from the screen results without re-testing. All data are means ± SEM from three biological replicates, 

dashed lines are drawn at 100% and 50%. *: p < 0.05, by one-way ANOVA followed by Dunnett’s post-hoc test. 

 

Fig. MS1_S6: Hit confirmation testing in NeuriTox test of substances that were subsequently classified as unspecific 

cytotoxicants 

A) Substances that were classified as hits after the first round of screening were re-ordered independently and re-

tested for their effect on neurite outgrowth inhibition (NA, orange) and viability (V, black) in an adjusted concentration 

range (otherwise same experimental setup as for the screening). EC values and their ratios were calculated from 

four-parameter log-logistic fit functions. The substances were classified as unspecific cytotoxic chemicals (EC50 

ratio (V/NA) < 4). For orientation, the highest original screen concentration (20 µM) is indicated (blue dashed line). 

All data are means ± SEM from three biological replicates, dashed lines are drawn at 100% and 50%. *: p < 0.05, 

by one-way ANOVA followed by Dunnett’s post-hoc test. 
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Fig. MS1_S7: Comparison of different BMC and EC values and ratios for the PeriTox test for example substances 

that were classified as unspecific cytotoxicants 

A) Substances that were classified as hits after the first round of screening were re-ordered independently and re-

tested for their effect on neurite outgrowth inhibition (NA, orange) and viability (V, black) in an adjusted concentration 

range (otherwise same experimental setup as for the screening). EC values and their ratios were calculated from 

four-parameter log-logistic fit functions. B) EC ratios (V/NA) in the low toxicity range (EC20, EC25 or EC30) are all <3 

and thus do not classify the compounds as hits. The BMC values were calculated for the benchmark responses of 

3x SD of control cells, as used by the NTP. The BMC ratio was <3, thus supporting our classification of the com-

pounds as non-specific toxicants. All data are means ± SEM from three biological replicates, dashed lines are drawn 

at 100% and 50%. *: p < 0.05, by one-way ANOVA followed by Dunnett’s post-hoc test. 
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Fig. MS1_S8: Exemplification of one possible hazard potential model with few example data on NeuriTox hits/non-

hits 

A) Graphical illustration of the fixed threshold prediction model. For values of ∆ <4, compounds are classified as 

unspecific toxicants, while ∆ ≥4 is assumed to indicate a specific neurotoxicant. B) A set of potential curves are 

displayed that can relate ∆ to the hazard probability. The variation of ∆ (SD(∆)) was calculated from a large number 

of experiments and used to parametrize a calibration curve for a continuous prediction model of the NeuriTox assay. 

It is based on SD(∆) = 0.254, and assumes a log-logistic curve with upper and lower asymptotes = 0% and 100% 

for the transition. C) Using the curve formula displayed in B, the curve offsets (V vs NA = ∆) for various compounds 

measured in this study were converted to hazard probabilities. Compounds indicated in orange refer to the NeuriTox 

hit compounds; blue indicates compounds that had been found to be non-specific toxicants. 
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6.2. Manuscript #2 – Stage-specific metabolic features of differentiating 

neurons: Implications for toxicant sensitivity 
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6.2.1. Introduction 

Developmental neurotoxicity (DNT) testing is currently undergoing a major transition from ex-

pensive, time consuming animal based studies to cell-based assays (Schmidt et al. 2017). 

Most in vitro tests model a narrow window of development, and they reflect only one or few 

neurodevelopmental processes. Therefore, in order to obtain toxicity predictions with a high 

confidence level, several assays will have to be combined to a test battery (Aschner et al. 

2017; Fritsche et al. 2017). To cover all actions of DNT toxicants, it is important to focus not 

only on specific disturbances of key developmental processes. Also blunt cytotoxicity can play 

a role, if it is specific for a subpopulation of cells that is only present during a particular phase 

of organ development. For instance exposure to the general cytotoxicant 5-flurouracil can af-

fect facial and hindlimb development in specific ways (Lau et al. 2001) and exposure to the 

cell cycle toxicant methylazoxymethylacetat (MAM) is a standard tool to trigger structural and 

functional DNT (Kadereit et al. 2012; Penschuck et al. 2006b; van Thriel et al. 2012). The 

understanding of specific sensitivities to cytotoxicants (Smirnova et al. 2015) and of the under-

lying biological and metabolic basis will be important for mechanistic validation of test systems 

and for the assessment of their biological relevance (Hartung et al. 2013a; Leist et al. 2008a; 

Leist et al. 2008b; Leist et al. 2012b).  

In the early fetus, most cells are highly proliferative in order to generate body growth. For 

instance, neural precursor cells (NPC) generate abundant progeny to create the nervous sys-

tem. Some DNT test methods are based on the differentiation of pluripotent cells to NPCs 

(Balmer et al. 2012; Waldmann et al. 2017). Others use specific precursors of the peripheral 

nervous system to study their function (Dreser et al. 2015; Zimmer et al. 2012), or such cells 

are being used to examine for instance astrocytogenesis (Kleiderman et al. 2016a; Kleiderman 

et al. 2016b). Monitoring of many of the diverse proliferation and differentiation steps in the 

nervous system is a pivotal aspect of DNT testing (Smirnova et al. 2014a; van Thriel et al. 

2012). Until now, such monitoring is mainly descriptive, based on the quantification of markers 

for various cell populations. A step towards a more mechanistic understanding of transitions 

between cells are time-resolved studies of transcriptional markers (Balmer et al. 2014; Rempel 

et al. 2015; Shinde et al. 2017; Shinde et al. 2016). A further important step requires detailed 

studies on metabolic changes (Cabre et al. 2016; Esteban-Martinez et al. 2017; Jang et al. 

2016; Sa et al. 2017; Teslaa and Teitell 2015) . 

Differentiation of neurons implies cell cycle arrest and cessation of proliferation. Besides the 

obvious morphological changes (e.g. neuritogenesis), this process is accompanied by a strong 

alteration in the metabolic phenotype (Agostini et al. 2016; Shyh-Chang et al. 2013a). Prolifer-

ating cells have a higher demand of glucose and an increased glycolytic rate, which contributes 

to the generation of ATP (Fan et al. 2013; Vander Heiden et al. 2009a). In addition, glutamine 

is taken up to generate essential metabolites for growth (Birsoy et al. 2015; Sullivan et al. 2015) 

and to sustain oxidative phosphorylation for ATP production (Fan et al. 2013). Post-mitotic 

neurons in brain tissue cope with a different metabolic situation: they have a higher basal en-

ergy demand, but they don’t have to generate new cells. Under these conditions, adult neurons 

metabolize glucose to CO2 through oxidative phosphorylation via the tricarboxylic acid cycle 
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(TCA) (Magistretti and Allaman 2015). The use of glutamate and glutamine as alternative car-

bon source is limited to few special situations (McKenna 2007).  

Most available data on the central carbon metabolism (CCM) of cells are derived either from 

cancer cells or from tissue measurements, and there are only few studies comparing different 

stages of the same cell line. Some data on changes of the metabolic phenotype during cellular 

differentiation and de-differentiation have been reported for induced pluripotent stem cells and 

for neural progenitor lines (Folmes et al. 2012; Folmes et al. 2011; Sa et al. 2017; Zhang et al. 

2012).  

Several other studies characterized metabolic changes when cells switched from exponential 

growth to growth arrest. For example, two studies reported differences between CHO cells in 

either growth or stationary phases. Changes occurring during the transition from proliferation 

to a stationary state were mainly observed in the pentose phosphate pathway, glycolysis and 

the carbon supply to the TCA (anaplerosis) (Ahn and Antoniewicz 2011; Ahn and Antoniewicz 

2013). A further study compared the metabolic differences upon differentiation of neuronal 

precursor cells to astrocytes (Sa et al. 2017). All these data sets suggest distinct metabolic 

differences between proliferating and differentiated cells. The metabolism of cancer cells and 

of other proliferating cells shows many similarities, presumably due to their shared need to 

generate new biomass during proliferation (Schuster et al. 2015; Vazquez et al. 2010; Zhang 

et al. 2012). Recent data from cultured murine cortical neurons suggest that changes in gly-

colysis and in the glutamine-glutamate pathway also may play a key role in the process of 

neuronal differentiation (Agostini et al. 2016). However, there is still a need for detailed infor-

mation about metabolic alterations during human neuronal differentiation, not at least because 

this feature might affect the toxicant sensitivity of these cells in different stages of neuronal 

maturation. 

There are multiple examples for cell-type specific toxicity. For a variety of toxicants it has been 

observed that proliferating progenitor cells are more susceptible to undergo cell death following 

toxicant exposure than their differentiated progeny (Gartlon et al. 2006; Hu and Xuan 2008; 

Ninomiya et al. 1997; Tong et al. 2017b). It has been discussed intensively, whether this might 

be due to their different levels of anti-apoptotic proteins, their differences in drug transporter 

expression, or the replication machinery. However, there are also many situations, when dif-

ferentiated cells are more toxicant-sensitive than their precursors. Examples are the parace-

tamol toxicity to primary hepatocytes vs. immature hepatic precursors (Sengupta et al. 2014) 

or the neurotoxicity of the parkinsonian toxicant MPP+ (Schildknecht et al. 2015; Schildknecht 

et al. 2009; Smirnova et al. 2016). Further examples are astrocyte-specific toxicants such as 

fluoroacetate, fluorocitrate or 6-aminonicotinamide that selectively affect the energy metabo-

lism of astrocytes (Haghighat and McCandless 1997; Swanson and Graham 1994). 

In summary, such altered susceptibilities may depend on a differential expression of targets, 

receptors, transporters or metabolizing enzymes. Alternatively, altered metabolic states may 

be responsible for cell stage specific toxicity. To obtain more information on this issue, the 

present study sets out to characterize metabolic changes upon neuronal differentiation. We 
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used conditionally immortalized dopaminergic neuronal precursor cells (LUHMES cells), which 

proliferate in their basal condition (d0), and which can be differentiated to post-mitotic dopa-

minergic cells within 6 days (d6). Proliferating cells express the neuronal precursor markers 

SOX2, PAX3, BRN3A, ASCL1 and nestin. Upon differentiation, gene expression changes and 

genes coding for synaptic proteins (e.g. GRIN1, DLG4) and dopaminergic markers like tyrosine 

hydroxylase (TH), dopamine D2-receptor (DRD2) and the dopamine transporter (DAT) are up-

regulated. The differentiation process is characterized by its uniformity and synchronization 

(Krug et al. 2013a; Krug et al. 2014; Lotharius et al. 2005; Scholz et al. 2011). This model 

system is therefore suitable for biochemical studies that require large numbers of cells at the 

same differentiation stage. We made use of this model to measure the role of media constitu-

ents and the susceptibility to few selected toxicants. To obtain a better understanding of the 

metabolic states of LUHMES cells, we profiled extracellular key nutrients/products by their 

rates of consumption/production. Furthermore, we combined the use of stable isotope tracers 

with state-of-the-art metabolomics and fluxomics approaches. Especially, we applied mass 

spectrometry based pulsed stable isotope-resolved metabolomics (pSIRM) and isotopically 

non-stationary 13C metabolic flux analysis (INST 13C-MFA) for the measurement of intracellular 

metabolite pool sizes and dynamic labeling incorporation profiles as well as the calculation of 

intracellular metabolic fluxes.  
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6.2.2. Material and Methods 

6.2.2.1. Cell culture 

Handling of LUHMES human neuronal precursor cells was performed as previously described 

in detail (Krug et al. 2014; Lotharius et al. 2005; Scholz et al. 2011). Briefly, the conditionally-

immortalized cells (expressing a v-myc transgene under the control of a tet-off system main-

tained in proliferation medium (PM: advanced DMEM/F12, 2 mM L-glutamine, 1 x N2 supple-

ment (Invitrogen), and 40 ng/ml FGF-2) in a 5% CO2/95% air atmosphere at 37° C. Passaging 

was three times a week. For differentiation, 8 million cells were seeded in a Nunclon T175 

tissue culture flask in PM. After 24 h, medium was changed to differentiation medium (DM: 

advanced DMEM/F12, 2 mM L-glutamine, 1 x N2, 2.25 µM tetracycline, 1 mM dibutyryl 3’,5’-

cyclic adenosine monophosphate (cAMP) and 2 ng/ml recombinant human glial cell derived 

neurotrophic factor (GDNF)). At 48 h later, cells were trypsinised, and seeded in a density of 

1.8*105 cells/cm² on dishes precoated with 50 µg/ml poly-L-ornithine (PLO) and 1 µg/ml fibron-

ectin in DM. On day 4 of differentiation, medium was replaced.  

6.2.2.2. Standard experimental setup 

To generate d6 cells, LUHMES differentiated for 2 days were replated at a density of 1.5*105 

cells per cm2 in DM and left to differentiate for additional 4 days. To obtain d0 cells, proliferating 

cells were seeded at a density of 6.5*104 cells per cm2 in PM on PLO/fibronectin coated dishes. 

At 24 hours after seeding they were used for experiments.  

6.2.2.3. Determination of cell numbers and cellular growth 

Cells were seeded at standard density into 96 well plates in the respective medium, containing 

the indicated supplements. The cell number was assessed several times after seeding by live 

cells imaging, using Hoechst-33342 and calcein-AM dyes, which were applied 30 min prior to 

imaging. Automated microscopy was used to image, and subsequent algorithmic analysis was 

used to determine viability: double positive cells were counted as live cells whereas cells only 

positive for H-33342 were counted as dead. The number of live cells was expressed relatively 

to the amount of seeded cells. 

6.2.2.4. Determination of glucose, lactate and pyruvate in cell culture medium 

Glucose and lactate were determined by a commercially available colorimetric cuvette assay 

(GLU-142 and LAC-142, respectively. Diaglobal, Berlin, Germany). In brief, glucose or lactate 

was converted by enzymes into colorimetric products which were quantified by spectrophoto-

metric measurements and comparison to calibration standards. Pyruvate was quantified 

through enzymatic conversion to lactate for which NADH was used up. The decrease in NADH 

was quantified spectrophotometrically (λ = 340 nm) and compared to calibration standards. 
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6.2.2.5. Determination of total cellular protein 

Total protein content and weight of d0 and d6 cells was measured in cell populations (about 5 

x 107 cells) detached by trypsinization. The cells were washed, counted and weighed (wet 

weight). After that, cells were lysed in 1 M NaOH for 24 h, then protein was quantified (BCA 

assay kit, according to the manufacturer’s instructions (Pierce/Thermo Fisher Scientific, Rock-

ford, IL, USA)).  

6.2.2.6. Cell viability measurement 

Resazurin measurement: Metabolic activity was detected by a resazurin assay. Briefly, resaz-

urin solution was added to the cell culture medium to obtain a final concentration of 2 µg/ml. 

After incubation for 60 min at 37° C, the fluorescence signal was measured at an excitation 

wavelength of 530 nm, using a 590 nm long-pass filter to record the emission. After background 

subtraction, fluorescence values were normalized by setting fluorescence values of untreated 

control wells to 100%.  

LDH release: LDH activity was detected separately in the supernatant and cell homogenate. 

Cells were lysed in PBS / 0.1% Triton X-100 (V/V) for 1 hour. Ten μl of sample was added to 

100 μl of reaction buffer containing NADH (100 μM) and sodium pyruvate (600 μM) in KPP-

buffer. Absorption at 340 nm was measured at 37°C in 1 min intervals over a period of 15 min. 

The slope of the absorption intensity was calculated. The ratio of LDHsupernatant/LDHtotal was 

calculated using the slopes of supernatant and homogenate. LDH release was expressed in 

percent (Krug et al. 2014). 

ATP determination: To determine intracellular ATP, cells grown in 24-well plates were 

scratched and sonicated in PBS-buffer and boiled at 95 °C for 10 min followed by centrifugation 

at 10,000 g for 5 min for the removal of cell debris. For the detection of ATP levels, a commer-

cially available ATP assay reaction mixture (Sigma, Steinheim, Germany), containing luciferin 

and luciferase, was used. Fifty microliters sample and 100 µl of assay-mix were added to a 

black 96-well plate. Standards were prepared by serial dilutions of ATP disodium salt hydrate 

(Sigma, Steinheim, Germany) to obtain final concentrations ranging from 1000 nM to 7.8 nM. 

Determination of protein concentration was performed by using a BCA protein assay kit 

(Pierce/Thermo Fisher Scientific, Rockford, IL, USA) (Latta et al. 2000; Schildknecht et al. 

2009; Volbracht et al. 2001). 

6.2.2.7. Extracellular amino acid and ammonia determination 

Medium was collected after the indicated time and mixed with 10% (W/V) 5-sulfosalicylic acid 

(SSA) in a volume ratio of 4 to 1 to obtain a final SSA concentration of 2% in biological tripli-

cates. After shaking for 15 min at 1400 rpm at 4 °C in an Eppendorf Thermomix (Hamburg, 

Germany), the solution was centrifuged for 15 min at 16,000 x g at 4 °C to separate the super-

natant from the protein precipitations. For amino acid analysis, a 1 to 1 mixture of supernatant 

and sample dilution buffer (pH 2.2, 0.12 M) (Sykam, Fürstenfeldbruck, Germany) was pre-

pared. The amino acids were then quantified using a Sykam S433 Amino acid analyzer 



Results: Manuscript #2 – Stage-specific metabolic features of differentiating neurons: Implications for toxicant 
sensitivity 

59 

(Sykam, Fürstenfeldbruck, Germany). Shortly, amino acids and ammonia were separated by 

HPLC and subsequent post-column derivatization with ninhydrin. Samples were directly in-

jected in a volume of 100 µl. Chromatography was performed using a lithium based anion 

exchange column loaded with spherical polystyrene resin (7 µm diameter, 10% crosslinks, cat# 

5125022). Elution was performed using buffers with increasing pH and ion strength (pH 2.9 --

> pH 12; buffer concentration 0.12 M to 0.45 M), supported by a temperature gradient. Absorb-

ance of the reaction products was quantified at 440 nm (intermediate product; quantifies cys-

teine and proline) or 570 nm (quantifies all other amino acids). Amino acid concentrations were 

determined relative to a reference standard using the area under the peak method in the 

ChromStar 7 software (SCPA, Weyhe-Leehste, Germany) (Efremova et al. 2017). Ammonia 

was quantified following the same protocol. 

6.2.2.8. Determination of cell-specific extracellular metabolic rates 

Cell stage-specific extracellular (net) metabolic rates for proliferating d0 cells, i.e., growth rate 

[h-1], uptake and secretion rates [nmol x 106 cells-1 x h-1], were jointly estimated from extracel-

lular concentration time courses of detectable carbon sources present in the medium and via-

ble cell numbers (0-12 h), using first order ordinary differential equations while accounting for 

degradation of glutamine (Gln) with a degradation rate kGln=2.0⋅10-3 [h-1] (Ahn and Antoniewicz 

2011). Confidence intervals of the rate estimates were derived by parametric bootstrapping 

with 5,000 samples. For post-mitotic (non-growing) d6 cells, cell stage-specific extracellular 

rates were determined by linear regression of the extracellular concentration time courses (0-

24 h) and normalization with the average cell concentration. Cell concentrations were calcu-

lated from cell numbers based on a volume of the liquid phase of 2 ml per well and accounting 

for volume losses of 1.5-4.5% due to evaporation. Standard deviations were obtained using 

Gaussian error propagation. Calculations were performed with Matlab (The MathWorks Inc., 

Natwick, USA).  

6.2.2.9. Seahorse measurements 

Cells were plated 24 h prior to the experiment in PLO/fibronectin-coated “Seahorse 24 well 

plates” at a density of 100,000 cells (d6 cells) per well or 60,000 cells per wells (d0 cells) in 

their normal media. 

Mitostress test: One hour prior to analysis, medium was changed to Seahorse XF base me-

dium, supplemented with 18 mM glucose, 2 mM glutamine and 1 mM pyruvate. Mitochondrial 

oxygen consumption was assessed (i) basally and after addition of (ii) 1 µM oligomycin, (iii) 

1.5 µM carbonyl cyanide-4-(trifluoromethoxy)phenylhydrazone (FCCP) and (iv) 0.5 µM rote-

none with 0.5 µM antimycin A. Mitochondrial parameters were calculated as described in re-

sults. After assaying mitochondrial function, cells were counted to normalize oxygen consump-

tion relative to total cell number. 

Glycostress test: One hour prior to analysis, medium was changed to Seahorse XF base me-

dium, supplemented with no glucose, 2 mM glutamine and 1 mM pyruvate. Extracellular acid-
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ification rate was assessed (i) basally and after addition of (ii) 10 mM glucose, (iii) 1 µM oligo-

mycin and (iv) 50 mM 2-deoxyglucose. Glycolytic parameters were calculated as described in 

results. After assaying glycolytic function, cells were counted as described above to normalize 

extracellular acidification relative to total cell number. 

6.2.2.10. Non-targeted metabolomics analysis 

D0 and d6 cells were cultured according to standardized culture conditions. Metabolite extrac-

tion and measurement was performed as described earlier (Krug et al. 2014). In brief, cells 

were washed with ice cold PBS and extracted with 80%/20% MeOH/water solution. Superna-

tants were evaporated to dryness at room temperature in a Speedvac concentrator (Savant, 

Thermo Fisher Scientific, Waltham, MA, USA). The dried samples were reconstituted and 

measured by liquid chromatography using Agilent 1260 high performance liquid chromatog-

raphy system with a Cogent Diamond Hydride column (MicroSol, Eatontown, NJ, USA), fol-

lowed by a 6520 accurate-mass Q-TOF LC-MS system (Agilent) equipped with a dual elec-

trospray (ESI) ion source operated in negative-ion mode for metabolic profiling. Raw data were 

processed with Mass Hunter Qualitative Analysissoftware (Agilent, version 5.0) (Krug et al. 

2014). 

6.2.2.11. Pulsed stable isotope-resolved metabolomics (pSIRM): 

LUHMES cells were cultured as described above. To assure standardized conditions, fresh 

PM or DM (containing 5.5 mM glucose) was added 4 h prior to start of the labeling (t= -4 h). At 

t= 0 h, medium was changed again to glucose-free and glutamine-free AdvDMEM/F12 medium 

(either supplemented with 5.5 mM [U-13C] glucose plus 2 mM [U-12C] glutamine or 5.5 mM [U-
12C] glucose plus 2 mM [U-13C] glutamine). Both tracers were purchased from Campro Scien-

tific (Berlin, Germany, cat. numbers CS01-183_417 (glc) and CS01-183_434 (Gln), both 99% 

atom-%). After 0, 2, 8, 16, 30, 60, 180, 360, 480, 1440 and 2880 min, samples were harvested 

according to the pSIRM protocol for adherent cells in 6-well plates (Pietzke et al. 2014a). Every 

biological replicate consisted of two pooled wells of independent differentiations. Cell extracts 

were stored in 50%-Methanol (Sigma) until further sample processing. The extraction solvent 

methanol had been supplemented with cinnamic acid (Sigma, 2 µg/µl) as an internal extraction 

standard control. 

Extracts were supplemented with chloroform (Sigma) for methanol:chlorofom:water extraction 

(5:2:1 v/v/v) and incubated for 30 min at 4°C on a rotary wheel, and subsequently centrifuged 

for phase separation (15min, maximum speed). Equal volumes of polar phase were collected 

from each sample separately and dried under vacuum. Extracts were stored at -25°C until 

continuing with the preparation for GC-MS measurement. 

6.2.2.12. GC-MS pSIRM sample preparation 

Derivatization was carried out as described with modifications (Kempa et al. 2009).  First, dried 

extracts were dissolved in 20 μl of methoxyamine hydrochloride solution (Sigma, 40 mg/ml in 

pyridine (Roth)) and incubated for 90 min at 30°C under constant shaking.  In a second phase 
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samples were incubated with 80 μl of N-methyl-N-[trimethylsilyl]trifluoroacetamide (MSTFA; 

Machery-Nagel, Düren, Germany) at 37°C for 45 min. The in-house alkane standards were 

added prior to the MSTFA for retention time analysis (10 µl/ 1 ml MSTFA). The extracts were 

centrifuged for 10 min at 10,000 × g, aliquoted and transferred in 30 μl into glass vials (Th. 

Geyer, Berlin, Germany) for GC-MS measurement.  

Formulation of GC-MS standards for retention index determination, as well as for identification 

and quantification of metabolites are described in (Pietzke et al. 2014a). Identification and 

quantification of standards was performed parallel with the samples. The quantification-stand-

ard is an in-lab developed mixture, composed of 65 compounds with known quantities (Pietzke 

et al. 2014a). The primary stock is prepared in eight concentrations from 1:1 to 1:200. All eight 

standards were extracted, derivatized and measured in parallel to the samples. For each batch 

of measurements a fresh aliquot of quantification standards has been prepared. 

6.2.2.13. GC-MS measurements of pSIRM experiments 

Metabolite analysis was performed on a gas chromatography coupled to time of flight mass 

spectrometer (Pegasus III- TOF-MS-System, LECO Corp., St. Joseph, MI, USA), comple-

mented with an auto-sampler (MultiPurpose Sampler 2 XL, Gerstel, Mülheim an der Ruhr, 

Germany). The samples and quantification standards were injected in split (split 1:5, injection 

volume 1 µl) and splitless mode (injection volume 1 µl) in a temperature-controlled injector 

(CAS4, Gerstel) with a baffled glass liner (Gerstel). The following temperature program was 

applied during sample injection: initial temperature of 80°C for 30 s followed by a ramp with 12 

°C/min to 120°C and a second ramp with 7 °C/min to 300°C and final hold for 2 min. Gas 

chromatographic separation was performed on an Agilent 6890 N (Agilent, Santa Clara, CA, 

USA), equipped with a VF-5 ms column of 30-m length, 250-μm inner diameter, and 0.25-μm 

film thickness (Varian, Palo Alto, CA, USA). Helium was applied as carrier gas with a flow rate 

of 1.2 ml/min. Gas chromatography was performed with the temperature gradient: 2-min heat-

ing at 70 °C, first temperature gradient with 5 °C/min up to 120 °C and hold for 30 s; subse-

quently, a second temperature step of 7 °C/min up to 200 °C and a final ramp of 12 °C/min up 

to 320 °C with a hold time of 2 min. The spectra were recorded in a mass range of 60 to 600 

U with 20 spectra/s at a detector voltage of 1750 V. 

6.2.2.14. Data analysis of pSIRM experiments 

File processing and analysis was performed with the vendor software ChromaTOF Version 

4.42 (LECO). Processing parameters: baseline offset of 1, peak width of 4 s, signal/ noise of 

20, and peak smoothing of 11 data points. Retention index determination and metabolite an-

notation was performed with the in-house developed software MAUI-VIA (Kuich et al. 2014). 

Quantification of metabolites was performed by external calibration as described in (Kempa et 

al. 2009). Absolute quantities were normalized to internal extraction standard controls and fur-

ther quality parameters. Mass isotopomer distributions (MID) for each metabolite and meas-

urement were exported by an extended module of MAUI-VIA and manually validated prior the 
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implementation for metabolic flux analysis. Selected mass ranges for MIDs have been de-

scribed in (Pietzke et al. 2014a). 

6.2.2.15. Metabolic flux analysis (MFA): modeling and computational procedures 

A metabolic network model was constructed for LUHMES d0 cells using metabolic reaction 

databases (www.genome.jp/kegg, www.biocyc.org) and literature knowledge (Ahn and 

Antoniewicz 2011; Carinhas et al. 2016; Duarte et al. 2007; Nicolae et al. 2014). The model 

includes all major metabolic pathways of central carbon metabolism (glycolysis, pentose phos-

phate pathway, TCA, anaplerosis), and condensed versions of amino acid biosynthesis, lac-

tate- and fatty acid metabolism pathways (acetyl-CoA as precursor). Cellular growth is mod-

elled by a lumped biomass equation. The biomass equation accounts for synthesis of proteins, 

lipids, DNA, RNA and carbohydrates. Biomass coefficients from (Sheikh et al. 2005) 

[mmol/gCDW] were converted to [nmol/106 cells] with the conversion factor 0.14 mgcdw/106 cells 

estimated from total protein content of LUHMES cells (0.07 mgProtein/106 cells), and the assump-

tion that the total cell mass consists of ~50% proteins (Norton and Poduslo 1971). Although 

LUHMES cells undergo morphological changes during differentiation, both stages were com-

parable in weight/cell and protein/cell, hence comparable total cell sizes can be assumed (data 

not shown). Metabolic reactions were allocated to one of three compartments (cytosol, mito-

chondria and extracellular space). Transport reactions of intra- and extracellular amino acids 

were specified according to the medium specification and extracellular rate measurements. 

Catabolic reactions of amino acids were modelled as lumped reactions fueling succinate, glu-

tamate and acetyl-CoA pools. Carbon atom transitions were formulated for all metabolic reac-

tions. In case of C-symmetric reactants, scrambling reactions were specified assuming equal 

fluxes for each variant. In total, the model consists of 72 reactions (51 unidirectional, 21 re-

versible), as well as 32 balanced intracellular, and 11 unbalanced extracellular metabolite 

pools. The metabolic network model used for 13C-MFA along with the carbon atom transitions 

is given in Suppl. Tab. 3. 

With this model, isotopically non-stationary (INST) 13C-MFA was performed. To this end, the 

high-performance simulation suite 13CFLUX2 (Weitzel et al. 2013) with extension for INST 
13C-MFA was used according to the workflow described in (Noh et al. 2006) and Fig. MS2_S2. 

In brief, cell stage-specific extracellular rates of d0 cells were calculated as described. Mass 

isotopomer distributions (MIDs) were obtained from two carbon labeling experiments with d0 

cells: 1) [U-13C] glucose + [12C] glutamine and 2) [12C] glucose + [U-13C] glutamine. Both data 

sets were corrected for natural isotope abundance (Niedenfuhr et al. 2016). Data sets were 

simultaneously inferred with the INST 13C-MFA model, justified by the finding that the cell-

specific extracellular rates were found very comparable across the three independent biologi-

cal replicates. In total, 89 unknown parameters (15 net fluxes, 19 exchange fluxes, 31 metab-

olite pool sizes, 24 groupscale factors) were estimated from 13 cell stage-specific extracellular 

rate, 15 metabolite pool sizes (averaged over 1) and 2)) and 1,002 single time-resolved MID 

(4-10 time points, 24 metabolites) measurements. Fitting of the unknown model parameters 

was done by minimizing the variance-weighted least squares function quantifying the differ-

ence between the measured and model-predicted measurements. The fitting procedure was 
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repeated 1,000 times from random starting points to minimize the risk of getting trapped in 

local minima. Lastly, for visualization of the best fits the Omix® software was used (Omix Vis-

ualization GmbH, Lennestadt, Germany, (Noh et al. 2015). 

6.2.2.16. Proteomics analysis 

Cells were grown under normal culture conditions until the desired stage of differentiation. For 

harvesting, cells were washed with 100 mM Tris-HCl-buffer and harvested by applying urea 

harvesting solution (8 M urea in 100 mM Tris-HCl, pH 8.5). Subsequently, tandem LC/MS ‘shot 

gun’ proteomics was performed. 

6.2.2.17. Affymetrix gene chip analysis 

Analysis was performed as described earlier (Krug et al. 2014; Krug et al. 2013b). Briefly, 

samples from approximately 5 x106 cells were collected using RNA protect reagent from Qi-

agen. The RNA was quantified using a NanoDrop N-1000 spectrophotometer (NanoDrop, Wil-

mington, DE, USA), and the integrity of RNA was confirmed with an automated gel electropho-

resis system (Experion, Bio-Rad, Hercules, CA, USA). The samples were used for 

transcriptional profiling when the RNA quality indicator (RQI) number was >8. First-strand 

cDNA was synthesized from 100 ng total RNA using an oligo-dT primer with an attached T7 

promoter sequence, followed by the complementary second strand. The double-stranded 

cDNA molecule was used for in vitro transcription (IVT, standard Affymetrix procedure) using 

Genechip 30 IVT Express Kit. During synthesis of the aRNA (amplified RNA, also commonly 

referred to as cRNA), a biotinylated nucleotide analogue was incorporated, which serves as a 

label for the message. After amplification, aRNA was purified with magnetic beads and 15 µg 

of aRNA was fragmented with fragmentation buffer as per the manufacturer’s instructions. 

Then, 12.5 µg fragmented aRNA were hybridized with Affymetrix Human Genome U133 plus 

2.0 arrays as per the manufacturer’s instructions. The chips were placed in a GeneChip Hy-

bridization Oven-645 for 16 h at 60 rpm and 45 °C. For staining and washing, Affymetrix HWS 

kits were used on a Genechip Fluidics Station-450. For scanning, the Affymetrix Gene-Chip 

Scanner-3000-7G was used, and the image and quality control assessments were performed 

with Affymetrix GCOS software. All reagents and instruments were acquired from Affymetrix 

(Affymetrix, Santa Clara, CA, USA). The generated CEL files were used for further statistical 

analyses. The authors declare that microarray data were produced according to MIAME guide-

lines.  

6.2.2.18. Transcriptomics data processing and analysis 

The microarray data analysis workflow was assembled using the Konstanz Information Miner 

(KNIME) open source software (http://www.knime.com). The raw data was preprocessed using 

Robust Multiarray Analysis (RMA). Background correction, quantile normalization, and sum-

marization were applied to all expression data samples, using the RMA function from the affy 

package of Bioconduct (Balmer et al. 2012; Rempel et al. 2015; Shinde et al. 2015). Low-

expression genes with a signal below an intensity of 64 in any one of the conditions were 
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filtered out. The limma package (R & Bioconductor) was used to identify differentially ex-

pressed genes, with untreated cells set as control group. The moderated t-statistics was ap-

plied and was used for assessing the raw significance of differentially expressed genes. Then, 

final p-values were derived by using the Benjamini-Hochberg method to control the false dis-

covery rate (FDR) due to multiple hypothesis testing. Transcripts with FDR adjusted p-value 

of ≤ 0.05 and fold change values ≥ |4| were considered significantly regulated. Gene Ontology 

(GO) analysis for regulated genes were performed using DAVID platform (Huang da et al. 

2009a; Huang da et al. 2009b). Transcriptomics data were deposited at GEO database and 

can be accessed under the number GSE107999. 

6.2.2.19. Statistics and data display 

If not otherwise specified, the data shown are the means +/- SD of three independent experi-

ments (each with several technical replicates). Independent experiments were performed with 

different cell batches and they are here termed biological replicates (Schmidt et al. 2017) to 

distinguish them from technical replicates. Significance calculations are based on ANOVA fol-

lowed by a suitable post-hoc test (unless otherwise indicated). For data display, the program 

GraphPad Prism 5 (La Jolla, CA, USA) was used. 
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6.2.3. Results 

6.2.3.1. Basic Omics data for test system characterization 

LUHMES cells have been characterized in their proliferating state (d0) and as differentiated 

neurons (d6) for expression of characteristic markers (Lotharius et al. 2005; Schildknecht et 

al. 2009), for the sensitivity to the neurotoxicant MPP+ (Pöltl et al. 2012) and for electrophysi-

ological properties (Scholz et al. 2011). To get systems-wide information on the cells and the 

main features that distinguish d0 and d6 cells, we measured gene expression on the whole 

genome level. Using Affymetrix microarray analysis, we identified about 1400 genes that were 

≥ 4 times higher expressed in one stage compared to the other (Fig. MS2_1). Overrepresented 

GO terms were determined separately for genes specific for d0 and for genes expressed higher 

on d6. As expected, GO terms related to cell cycle and proliferation were found for the d0 

LUHMES. The GO characteristic for d6 LUHMES were mainly related to the neuronal pheno-

type (Fig. MS2_1A).  Additionally, overrepresented pathways were identified using the Panther 

and Reactome databases (Croft et al. 2014; Fabregat et al. 2017; Thomas et al. 2003; Thomas 

et al. 2006). The pathway enrichment corroborated the findings from the GO term analysis 

(e.g. downregulation of cell cycle pathways and DNA building-block synthesis) and confirmed 

neuronal differentiation as well as out previous observation that the pathway of amyloid beta 

production is upregulated in mature LUHMES cells (d6) (Scholz et al. 2013). Amongst the DEG 

upregulated on d6, no single pathway linked to cellular metabolism was enriched. Thus, the 

differential gene expression indicates clear differences between the two stages of the cell line 

on the transcriptome level, but metabolic differences could not be identified from this type of 

data (Fig. MS2_S3). 

The transcriptomics observations were supported by proteome analysis, which showed a clear 

difference in the proteome of the two cell differentiation stages with large groups of differen-

tially-abundant proteins in either d0 or d6 cells (Fig. MS2_1B).  A substantial fraction of proteins 

related to oxidative phosphorylation, the TCA and fatty acid metabolism were found to be more 

abundant in d6 LUHMES. For instance, the proteomics data showed upregulation of the TCA-

associated proteins isocitrate dehydrogenase-1 and 2 (IDH1, IDH2) and of the respiratory 

chain complex II protein SDHAF2 upon differentiation. Proteins typically more abundant in d0 

cells related to the cell cycle and to synthesis of nucleotides (required for DNA synthesis in 

proliferating cells). Of the pivotal central carbon metabolism (CCM) proteins, malic enzyme 1 

(ME-1) was stronger expressed in undifferentiated neurons compared to differentiated ones 

(data not shown). Malic enzyme (ME) facilitates the channeling of carbon from TCA interme-

diates into glycolysis to generate pyruvate (gluconeogenesis). Besides added carbon supply 

of pyruvate, the reaction through ME allows synthesizing NADPH. Within the group of trans-

porters, the strongest upregulations observed upon differentiation were found for the mitochon-

drial citrate and ATP transporters (SLC25A1/A24). 

A typical cellular strategy of metabolic switching involves isoenzyme changes. Examples were 

observed here for hexokinase (HK) and phosphofructokinase (PFK). The isoenzymes HK2 and 
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PFKP were strongly downregulated in d6 LUHMES, which was compensated by stronger ex-

pression of HK1 and PFKM (Fig. MS2_1C). This is consistent with general biochemical 

knowledge associating HK2 with muscle, adipose tissue, cancer, neural progenitor cells and 

anabolic metabolism, and HK1 with expression in the brain (Smith 2000; Wilson 2003; Zheng 

et al. 2016). Concordantly, PFKM is known to be predominantly expressed in muscle and brain 

(Kahn et al. 1979). These findings corroborate on the proteomics level that LUHMES cell dif-

ferentiate from precursor cells to typical brain tissue parenchymal cells. 

 

Fig. MS2_1: Changes on transcriptional, proteomic and metabolic level during neuronal differentiation 

For characterization of the proliferating (d0) and differentiated (d6) LUHMES cells, standardized cell culture condi-

tions were used to generate samples from the two types of untreated control cells for further analysis. A: The mRNA 

expression of four independent cultures of proliferating (d0) and differentiated LUHMES (d6) cells was measured 

using Affymetrix microarray analysis. Expression levels were determined genome-wide. From these data, differen-
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tially expressed genes (DEG) were identified by sorting for probe sets (=Affymetrix gene probes) that were ex-

pressed in d6 cells ≥ 4 times higher or lower than in d0 cells. Then, a modulated Limma test was applied to further 

select those genes for which the differential expression was significant at the 5% level, after the correction for 

multiple testing. The number of these genes was then displayed. The DEG were analyzed for statistical overrepre-

sentation of gene ontology (GO) groups using DAVID software. The p-values indicate the likelihood of a random 

overrepresentation of the respective GO. The five most-highly overrepresented GO are indicated for the group of 

genes specific for d0 or d6. B: Four independent cultures of proliferating (d0) and differentiated (d6) LUHMES cells 

were used for proteome analysis. Differential abundance of proteins is depicted in a heatmap displaying row-wise 

z-factors of expression levels (blue= lower expression, black= no change, yellow= higher expression). Rows and 

columns are sorted by similarity after non-supervised clustering. For each major cluster (=proteins dominating in d0 

(bottom) or d6 (top)), three typical overrepresented metabolic pathways were selected. The numbers indicate how 

many different proteins of the total pathway are differentially abundant. C: Two enzymes (each with two isoforms) 

important for switching metabolic regulation were selected to display the type of changes occurring during LUHMES 

differentiation. Protein levels were quantified by a shotgun proteomics approach. The protein ratio of d6/d0 is dis-

played for hexokinase 1 and 2 (HK1, HK2) and for phosphofructokinase M and P (PFKM, PFKP). D: Proliferating 

(d0) LUHMES cells were differentiated for 6 days. On day of differentiation zero (DoD0, red), two (DoD2, blue), 

three (DoD3, green) and six (differentiated, DoD6, purple; = d6) the cells were lysed to prepare samples for metab-

olome analysis. The samples were analyzed by LC-MS, and metabolite peaks with differential abundance were 

detected. For 38 compounds, unambiguous identification was possible and their changes are displayed as a prin-

cipal component analysis (PCA). Each point displayed in the PCA map represents one sample analyzed for the 

respective day of differentiation. The dashed lines indicate the PCA space occupied by samples from each differ-

entiation stage (n=6-15). The black arrow suggests how differentiating cells move through the 2D PCA space during 

differentiation. E: Three metabolites, which were specifically downregulated and six that were specifically upregu-

lated from d0 to d6 of LUHMES differentiation were selected to display the changes occurring during differentiation. 

Data are means ± SEM from 6-15 samples. 

The strong alterations in gene transcription and protein expression suggested clear differences 

in the metabolome of the cells. This was confirmed by metabolomics measurements. The data 

allowed the clear distinction between different stages of cell differentiation according to their 

metabolome (Fig. MS2_1D). By a non-targeted metabolomics approach, 38 metabolites were 

identified and 3 representative metabolites that were downregulated and 6 representatively 

upregulated metabolites were quantified on the basis of standards. The lower abundance of 

AMP in differentiated cells is in concordance with the downregulation of purine synthesis genes 

(Fig. MS2_1B). The higher abundance of glutamine and creatine indicates changes in the CCM 

and substrate usage while the higher abundancy of D-erythrose may indicate changes in the 

pentose phosphate pathway.  

In summary, this basic characterization of d0 and d6 neuronal cell differentiation stages sug-

gests metabolic switches that could affect resilience or susceptibility to toxicants. The sug-

gested metabolic shift, which was not predictable on transcriptome level, but indicated on pro-

teome level, was therefore further investigated. 

6.2.3.2. Change of mitochondrial function during differentiation 

To characterize the potential metabolic changes identified by omics approaches in greater 

detail, mitochondrial physiology was assessed by measurements of the oxygen consumption 

rate (OCR) using Seahorse technology. A strategy of sequential injection of tool compounds 

interfering with the mitochondrial respiration was chosen (Fig. MS2_2A). This allowed the cal-

culation of various functional parameters for mitochondria (Fig. MS2_2B). D6 neurons had a 
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slightly higher basal respiration compared to d0 precursor cells, and massive differences be-

came evident, when mitochondria were uncoupled (Fig. MS2_2C). The OCR data showed that 

the maximal mitochondrial respiration, the spare mitochondrial capacity and the amount of 

oxygen consumption used for ATP production was significantly increased in d6 cells compared 

to their d0 precursors (Fig. MS2_2D). Overall, the data suggest that mitochondria run at their 

maximum in d0 cells, while d6 cells have a large spare capacity to increase mitochondrial 

function according to demand. 

 

Fig. MS2_2: Differences in mitochondrial function between d0 and d6 LUHMES cells 

A: Scheme of the mitochondrial electron transport chain, with a display of complexes I-V on the inner mitochondrial 

membrane. Sites of electron and proton transport and their flow are displayed in black, ATP generation driven by 

the proton-motive force is shown in purple. Targets of inhibitors used for functional analysis are indicated in red. 

The uncoupling agent FCCP was used to disrupt the proton gradient across the inner mitochondrial membrane. B: 

Exemplary time course (black curve) of mitochondrial oxygen consumption rate (OCR) under the influence of added 

inhibitors used by the mitostress test. The scheme displays the standardized schedule of inhibitor injection (time 

axis). Moreover it indicates how various parameters of mitochondrial physiology are calculated from the OCR of the 

four experimental phases. C: Proliferating (d0, black) and differentiated (d6, blue) LUHMES cells were analyzed for 

their mitochondrial functionality using the Seahorse mitostress test. OCR was normalized to the cell number, and 

the injection of the mitochondrial inhibitors/uncoupler is indicated in red. D: The data from C were used to calculate 

mitochondrial physiology parameters as indicated in B. All data are means ± SEM from two-three biological repli-

cates. *: p < 0.05, by one-way ANOVA followed by Dunnett’s post-hoc test. 
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6.2.3.3. Change of glycolytic parameters during differentiation of neurons 

To further characterize the central carbon metabolism, glycolysis was investigated for both 

differentiation stages by measuring extracellular acidification (ECAR; mainly caused by glyco-

lytic lactate secretion). To obtain a broad set of data, ECAR was assessed for different meta-

bolic situations that were provoked by a scheduled injection of tool compounds into cell culture 

medium (Fig. MS2_3A). D0 and d6 cells differed in their glycolytic capacity (Fig. MS2_3B): 

proliferative d0 LUHMES cells have a much higher glycolytic rate and capacity in comparison 

to differentiated d6 neurons. However, d0 cells had no glycolytic reserve to adapt to a higher 

demand, while d6 cells showed a significant capacity to upregulate glycolysis, when chal-

lenged by a mitochondrial inhibitor (Fig. MS2_3B+C). 

 

Fig. MS2_3: Differences in glycolytic activity during neuronal differentiation 

A: Exemplary time course (black curve) of extracellular acidification rate (ECAR) under the influence of added 

glucose and of inhibitors used by the glycostress test. The scheme displays the standardized schedule of inhibitor 

injection (time axis). Moreover, it indicates how various parameters of glycolytic physiology are calculated from the 
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ECAR of the four experimental phases. B: Proliferating (d0, black) and differentiated (d6, blue) LUHMES cells were 

analyzed for their glycolytic functionality using the Seahorse glycostress test. ECAR was normalized to the cell 

number, and the injection of glucose and inhibitors is indicated in red. C: The data from B were used to calculate 

glycolytic parameters as indicated in A. All data are means ± SEM from two-three biological replicates. *: p < 0.05, 

by one-way ANOVA followed by Dunnett’s post-hoc test. 

 

Fig. MS2_4: Change of substrate utilization during neuronal differentiation 
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LUHMES cells (d0 or d6) were cultured under standardized conditions. Various culture parameters were analyzed 

for up to 72 h, i.e. d0 cells (black) were allowed to continue proliferation for up to three days, and d6 cells (blue) 

remained in the state of differentiated neurons for up to 72 h. Data are means ± SD from three independent exper-

iments. A: Change in cell number (depicted in million cells per well) for d0 and d6 LUHMES over 72 h. B: ATP 

levels of d0 and d6 LUHMES. Data are normalized to cellular protein content, which was determined in parallel. 

C+D: Pool sizes (concentrations) of glucose (C) and lactate (D) in the cell culture medium.  Measurements were 

performed for up to 60 h in cultures of d0 and d6 cells. E-H: Pool sizes (concentrations) of serine (E), isoleucine 

(F), proline (G) and alanine (H) in the cell culture medium. Measurements were performed for up to 60 h in cultures 

of d0 and d6 cells. I: Schematic illustration of differences in metabolism between d0/d6 cells. The metabolism of 

post-mitotic d6 neurons mainly serves the energy production (ATP) to maintain the cells functional. For this purpose, 

glucose is metabolized to the level of CO2 through glycolysis and subsequent steps in the tricarboxylic acid cycle 

(TCA) and respiratory chain. The proliferating d0 cells can use similar pathways, but their major objective is pro-

duction of biomass (proliferation). Therefore, they take up amino acids, in particular glutamine being a building block 

for proteins and a nitrogen carrier for nucleotide synthesis. Also glycolysis is used in part to provide building blocks 

like serine or lysine. Aspartate is exemplified as key building block that can be imported and/or assembled from 

multiple sources, and that is essential for both protein and nucleic acid (purine and pyrimidine) synthesis. Secretion 

of ornithine, alanine or urea/ammonia serves as nitrogen sink. If glycolysis is used for energy production, as in d0 

cells, then excess reducing equivalents need to be disposed of in mitochondria (electron sink). Alternatively, this 

can be achieved by disposal of lactate, or by generation of proline from glutamate (when glutamine is used as 

energy source).  

6.2.3.4. Macroscopic view on the overall metabolic activity 

For further evaluation of the metabolism, the cell numbers of the two cultures were determined. 

D6 cells were confirmed to be post-mitotic, i.e. their cell number remained constant over 72 h 

(Fig. MS2_4A), implying zero growth. In stark contrast, d0 cells proliferated (doubling time 

about 10-16 h) with a specific growth rate of µ= 0.074 ± 0.013 h-1 within the first 12 h of culti-

vation (SD from at least three biological replicates) (Fig. MS2_4A). After 12-18 h, the 5.5 mM 

glucose of the labelling medium were exhausted (Fig. MS2_4C). The subsequent metabolic 

shift resulted in a significant drop of the growth rate (Fig. MS2_4A) and decreased lactate 

production (Fig. MS2_4D). Thus, the time regime for INST 13C-MFA was limited to 0-12 h, to 

make sure that cells were still in non-limiting culture conditions. Normalized to their protein 

content, both cell differentiation stages, d0 and d6, were found to contain the same amount of 

ATP (Fig. MS2_4B). Absolute cell-specific extracellular rates for both cell differentiation stages 

are summarized in Suppl. Tab. 2. These rates provide a means to compare the associated 

metabolic phenotypes. In concordance with the mitochondrial and glycolytic physiology param-

eters determined above (Fig. MS2_2, Fig. MS2_3), d0 cells took up glucose much faster from 

the medium than d6 cells: glucose uptake rates were 220 ± 44 and 109 ± 13 nmol/106 cells/h 

for d0 and d6, respectively. In case of d0, the increased glycolytic turnover was paralleled with 

high uptake and secretion of certain amino acids into the medium. In particular, serine and 

isoleucine were consumed much faster by d0 than by d6 cells. Moreover, proline and alanine 

were secreted at 3.6-4.9 fold higher rates by proliferative cells (8 ± 4 vs. 2 ± 1 nmol/106 cells/h 

and 68 ± 8 vs. 19 ± 1 nmol/106 cells/h for proline and alanine in d0 and d6, respectively) (Fig. 

MS2_4E-H, Suppl. Tab. 2). Both, d0 and d6 cells experienced high relative lactate secretion 

rates (232mol-% vs. 282mol-% related to glucose uptake rates, respectively) which again un-

derlines high glycolytic activity in both cell stages. Expectedly, on an absolute level d0 cells 
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released more lactate into the medium compared to d6 cells (509 ± 56 vs. 307 ± 24 nmol/106 

cells/h, respectively) (Fig. MS2_4C+D). 

These findings are well in line with the different metabolic situations of proliferative and adult 

neuronal cells (Fig. MS2_4I). In post-mitotic d6 neurons, metabolism mainly serves for energy 

(ATP) production to maintain the functionality of the cell. For this purpose, glucose is metabo-

lized to the level of pyruvate through glycolysis, and likely to CO2 (experimentally not accessi-

ble) in subsequent steps in the TCA. The proliferating d0 cells can also use this pathway, but 

their major objective is production of biomass. To use their full metabolic capacity, they also 

take up amino acids (Fig. MS2_4E+F), in particular glutamine, at much higher rates than d6 

cells (78 ± 10 vs. 6 ± 3 nmol/106 cells/h, respectively) (Suppl. Tab. 2) (Birsoy et al. 2015; 

Fernandez-de-Cossio-Diaz and Vazquez 2017; Markert and Vazquez 2015b; Sullivan et al. 

2015). In addition, glycolysis is used in d0 cells in part to provide building blocks like serine or 

glycine, which are essential for both protein and nucleic acid (purine and pyrimidine) synthesis. 

If glutamine, serine and isoleucine are used by cells to generate energy or to build up biomass 

(including lipids), then cells have to get rid of the excess nitrogen. The need to dispose nitrogen 

equivalents thus may explain the secretion of alanine (Fig. MS2_4H), ornithine (data not 

shown) and ammonia (Suppl. Tab. 2) by d0 cells. If glycolysis accounts for a large portion of 

cellular ATP production, as in d0 cells, then large amounts of reduction equivalents (NADH) 

are generated besides pyruvate. Conversion of pyruvate to lactate and subsequent secretion 

of lactate is one way to maintain this type of metabolism. Similarly, proline can be generated 

from glutamine/glutamate (Fig. MS2_4G) as a way for cells to get rid of reduction equivalents, 

when glutamine is used as energy source (Fig. MS2_4I) (Fernandez-de-Cossio-Diaz and 

Vazquez 2017).  

6.2.3.5. Direct insights from metabolic pool sizes and isotopic labeling incorporation 

profiles 

To unravel the intracellular metabolic situation, we used the pulsed stable isotope-resolved 

metabolomics (pSIRM) approach. For this purpose, parallel cultures of cells were exposed to 

either [U-13C] glucose or [U-13C] glutamine label (all carbon atoms 13C labeled). At defined 

times, cellular metabolites were extracted and measured by GC-MS. The resulting data deliv-

ered twofold information: first, the overall pool sizes (metabolite amount per cell) of CCM me-

tabolites; second, the label incorporation dynamics into CCM metabolites. Both were used for 

direct interpretation as well as later on for INST 13C-MFA. The pool sizes were used for meta-

bolic flux determination by INST 13C-MFA. 

For most intracellular metabolites measured, we found that their pool sizes (concentrations) 

were within the same order of magnitude in d0 and d6 cells; for some glycolysis intermediates 

and amino acids, d6 cells had higher pool sizes, but the difference was not statistically signifi-

cant (Fig. MS2_5A). Overall, pool sizes spanned several orders of magnitude with glutamate 

being the largest pool amounting to 45.3 and 82.4 nmol/106 cells in d0 and d6 cells, respec-

tively. Aspartate was below the detection limit in d6 cells, while sizable amounts were meas-
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ured in d0 precursors. The reverse situation was observed for glutamine. This may be ex-

plained by the fact that d0 cells need to maintain a sizable pool size of aspartate for biomass 

generation which they derive from cellular metabolism. Furthermore, it could be expected that 

d0 cells rapidly convert all glutamine to glutamate which is, in turn, in rapid equilibrium with  α-

ketoglutarate (aKG) feeding into the TCA. 

 

Fig. MS2_5: Intracellular metabolite pool sizes and label incorporation 

LUHMES cells (d0 or d6) were cultured under standardized conditions, until medium was replaced with fresh media 

4 h prior to label experiments. At 0 h, medium was replaced again with culture medium either supplemented with 

[U-13C] glucose + [U-12C] glutamine or [U-12C] glucose + [U-13C] glutamine. Various culture parameters, such as 

intracellular metabolite pool sizes and label incorporation into metabolites were analyzed for up to 24 h. For 3-PG, 

alanine and citrate only the [1,2], [1,2] and [1-4,6] fragments, respectively, were observed (InChI enumeration). A: 

Comparison of intracellular central carbon metabolism (CCM) metabolites of d0 and d6 LUHMES. The red arrow 

highlights the aspartate pool, only identified in d0 cells; the green arrow indicates the glutamine pool, only identified 

in d6 neurons. B: Label incorporation into CCM metabolites in d0 LUHMES after the exposure to [U-13C] glucose. 

The number of incorporated heavy atoms is indicated (e.g. m+2 means two 13C atoms instead of 12C atoms). C: 

Time-resolved label incorporation over 24 h into CCM metabolites from [U-13C] glucose or [U-13C] glutamine, as 

indicated. For better visualization, the summarized percentage of all label containing fragments is displayed (y-

axis). All data are means ± SD from three independent experiments. 
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Following the path of glycolytic carbon revealed that incorporation of labeled carbon from [U-
13C] glucose into the cellular metabolite pools followed the expected order (Fig. MS2_5B): the 

3-phosphoglycerate (3-PG) pool was >80% labeled after 1 h (as determined by the [1,2]-frag-

ment as proxy). This means that most 3-PG present in all cells at that time point was derived 

from freshly added (labeled) glucose. For lactate and alanine it already took 6 h to reach 60% 

label incorporation, and labeling dynamics of citrate was found to be even slower.  

Assuming clockwise (oxidative) operation of the TCA, labeled citrate may be formed from the 

reaction of  non-labeled oxaloacetate (derived from unlabeled glutamate channeled into the 

TCA via aKG) and m+3 labeled oxaloacetate (derived from [U-13C] glucose via pyruvate car-

boxylase) with m+2 labeled (mitochondrial) acetyl-CoA (derived from fully-labeled pyruvate). 

This theoretically yields m+2, and m+5 labeled citrate while m+0 citrate is also the result of the 

continuous inflow of unlabeled glutamate into the TCA, thereby limiting the labeling fraction of 

the higher mass traces of citrate. In contrast to these theoretical considerations, only a frag-

ment of citrate could be observed within our analytical setup, i.e., the internal carboxylic acid 

group is lost during analytical analysis (Fig. MS2_S1F). This shifts the theoretical considera-

tions above towards the in reality observed m+0, m+2 and m+4 traces as shown in Fig. 

MS2_5B. Although this qualitatively exemplifies the flow of labeled carbons through the meta-

bolic pathways (Fig. MS2_5B), the considerations neglect important aspects of the metabolic 

network such as malic enzyme, the potential influx of lipids via AcCoA or the label exchange 

from and to amino acids, e.g. between oxaloacetate and aspartate. To resolve these fluxes, a 

computational approach is needed (see next section). 

The comparison of 13C label incorporation profiles in d0 and d6 cells revealed differences in 

label incorporation speed depending on whether [U-13C] glucose or [U-13C] glutamine tracers 

were administered (Fig. MS2_5C, Fig. MS2_S1). For [U-13C] glucose we found that d0 cells 

produced lactate faster compared to d6 cells (Fig. MS2_5C and Fig. MS2_S1A,C), which is in 

line with the data generated by the Seahorse measurements indicating a higher lactate efflux 

in d0 cells (Fig. MS2_3C). Furthermore, label incorporation dynamics in the malate pool sug-

gests that malate was turned over faster in d6 cells while the turnover of citrate was slightly 

slower in d6 (Fig. MS2_S1C). This might point towards pronounced channeling of carbon, de-

rived from glucose, or further species, such as extracellular pyruvate, into mitochondria of ma-

ture cells via TCA and/or anaplerotic reactions compared to d0 cells (Fig. MS2_5C). However, 

labeling data of citrate was only obtained for a short labeling time (6 h), and the situation would 

need to be clarified for longer labeling periods (24 h).  

Feeding [U-13C] glutamine to both cell stages and following the incorporation of labeled 13C 

into metabolites of the TCA gave additional information: for both citrate and malate the fraction 

of labeled metabolite increased much faster in d0 than in d6 cells (Fig. MS2_5C, Fig. 

MS2_S1B,D). Thus, glutaminolysis is significantly enhanced in d0 compared to d6 cells which 

is in line with extracellular rate measurements. Since the central carbon metabolism can also 

potentially operate in glyconeogenetic direction (Nicolae et al. 2014), we also studied whether 

glutamine was converted to lactate. The labeling fraction of intracellular lactate in cells exposed 
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to [U-13C] glutamine informed about a potential channeling of TCA metabolites back into gly-

colysis (Fig. MS2_S1E). Here, only a minor degree of label incorporation was observed in 

lactate compared to TCA metabolites (Fig. MS2_S1D). There was also no difference between 

d0 and d6 cells, although ME was expressed stronger in d0 cells (Fig. MS2_1). This data 

provides evidence that LUHMES cells do not use glutamine to generate glycolysis metabolites 

(Fig. MS2_S1). To approach the metabolic activities in LUHMES cells, knowledge of the actual 

intracellular metabolic carbon fluxes is required. 

6.2.3.6. Metabolic flux analysis of d0 neuronal precursors 

While time-resolved label incorporation dynamics gives qualitative insights into the metabolic 

operation modes of LUHMES cells, the quantification of intracellular fluxes requires a model-

based approach. INST 13C-MFA integrates measurements of extracellular rates, metabolite 

pool sizes and CCM labeling incorporation measurements into a metabolic network model to 

jointly infer metabolic fluxes and pool sizes on the basis of mass balances. The final result of 

this analysis is a flux and pool size distribution giving absolute numbers for all parameters of 

the 13C flux model. From this distribution, a so called flux map is generated that shows the 

calculated fluxes and pool size distributions in the context of the metabolic network. In this 

study, we applied INST 13C-MFA to derive the flux map of d0 cells. The computational process 

is overviewed in Fig. MS2_S2. Best solutions for all reaction parameters of the metabolic model 

were determined in an iterative parameter fitting procedure by minimization of the deviation 

between the model-predicted values and real measurements. Good fits are obtained for all but 

one extracellular rate (i.e. influx into mitochondrial acetyl-CoA), all MIDs and pool sizes. The 

flux map of the best fit is shown in Fig. MS2_6 with fluxes expressed in absolute numbers 

([nmol/h/106 cells]). Flux values in absolute numbers as well as in % of the glucose uptake 

rate are found in Suppl. Tab. 3. 

A major metabolic feature immediately evident from the d0 flux map is the predominant glucose 

to lactate metabolism (Fig. MS2_6A). Experimentally determined cell-number specific extra-

cellular fluxes, particularly glucose uptake, and the dominant lactate efflux, are well reproduced 

by the model (Fig. MS2_6B,E). Also extracellular uptake and secretion rates of amino acids 

coincide well, such as aspartate and glutamine uptake rates (Fig. MS2_6C), as well as alanine 

and proline secretion rates (Fig. MS2_6E). Additional carbon influx into the CCM occurred 

through mitochondrial acetyl-CoA and succinate as well as the glutamate pool due to catabo-

lism of extracellular amino acids (Fig. MS2_6C) and metabolic requirements for biomass syn-

thesis. It should be noted that in the model threonine, leucine, isoleucine, phenylalanine, tyro-

sine, tryptophan and lysine entered the CCM via mitochondrial acetyl-CoA, valine, methionine, 

isoleucine, phenylalanine and tyrosine via succinate as well as histidine and arginine via glu-

tamate.  

INST 13C-MFA provides detailed insight into glycolytic as well as glutaminolytic intracellular 

fluxes into the TCA. Fluxes (in % of glucose uptake) (Fig. MS2_6D) suggest that the TCA is 

approximately equally fueled through glycolysis and glutaminolysis. While the net flux through 
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citrate synthase is 25%, the net flux from glutamate to aKG (involving glutamate dehydrogen-

ase) is 18%. As a consequence, the succinate dehydrogenase flux from succinate towards 

fumarate within the TCA is 42%. The results stress the important role of glutaminolysis, on the 

one hand, to fuel the TCA and, on the other hand, to accomplish the required demand for 

biomass synthesis, e.g. for fatty acid synthesis via acetyl-CoA. The flux from the cytosolic ac-

etyl-CoA pool into the biomass was 10% of the glucose uptake, while the flux from mitochon-

drial acetyl-CoA pool into biomass was approximately found to be twice as high (19%) (Fig. 

MS2_6A, Suppl. Tab. 2). The overall flux into the biomass was determined to be 139.7 

nmol/106 cells/h (or 405 C-nmol/106 cells/h, i.e. number of carbon atoms), representing 53% of 

the glucose uptake. Thus, the high flux into the biomass in d0 underlines the need of biomass 

precursors to accomplish cellular proliferation expressed by the high specific growth rate com-

pared to zero growth in d6 (µ = 0.074 h-1 vs.  0.0 h-1). 

In d0 cells we observed strict clockwise (oxidative) operation of the TCA, potentially to enable 

the cells to meet their NADH and ATP requirements. In particular, no reversible carboxylation 

of aKG to citrate occurs (<10e-6 nmol/106 cells/h). Interestingly, this is in contrast to the find-

ings reported by Sá et al. (Sa et al. 2017) for murine neural stem cells. Notably, by integrating 

all available measurements in the network model, fluxes entering the TCA via pyruvate dehy-

drogenase (PDH, lower glycolysis) and pyruvate carboxylase (PC, anaplerosis) can be distin-

guished by 13C-MFA. A high PDH-flux of 32% was estimated by 13C-MFA. This would satisfy 

the demands for acetyl-CoA precursors for biomass generation and fuel the TCA. The PC-flux 

contributed only to a minor extent (ca. 5%). From these flux estimates, a PDH/PC ratio of ca. 

0.15 is derived for d0 cells, which is only slightly lower than the ratio of 0.18 determined for 

neural stem cells by Sá et al. (Sa et al. 2017). 

Assuming that intracellular serine is exclusively used for purine synthesis, an upper bound for 

the purine synthesis flux can be derived from the total flux into the serine pool. This gives a 

maximal purine synthesis flux of ca. 7% of the glucose uptake (2.5% and 4.5% derived from 

the uptake of glucose and serine, respectively), which is in-line with the low carbon fluxes 

through the pentose phosphate pathway (Suppl. Tab. 3). 

Summarizing, a model-based representation of the CCM network of d0 LUHMES cells was 

has been established explaining specific extracellular rates, metabolic pool sizes and labeling 

incorporation dynamics in a consistent manner. The ensuing flux map showed a metabolism 

that is focused on aerobic glycolysis, but also involved the TCA and amino acid metabolism to 

a substantial extent. The same MFA approach, as applied for d0 cells was attempted for d6 

cells. In this case we found that the quality standards for quantitative flux modeling could not 

be met (Fig. MS2_S2). Here, future research work is required to collect data in the quality 

needed by mathematical modeling to allow the assembly of highly resolved flux maps for com-

plex mammalian cells and in particular to answer the question whether the altered mitochon-

drial physiology parameters in d6 cells are reflected by respective changes in metabolic fluxes. 



Results: Manuscript #2 – Stage-specific metabolic features of differentiating neurons: Implications for toxicant 
sensitivity 

77 

 

Fig. MS2_6: Flux map of proliferating LUHMES cells 

For proliferating LUHMES cells, metabolic flux analysis (MFA) was performed according to Fig. MS2_S2, and the 

data are summarized in a metabolic flux map. A: The CCM-fluxmap features glycolysis, the TCA, as well as input 

and output fluxes of metabolites. Flux velocity was encoded by the arrow size, the metabolite pool size (=concen-

tration) was encoded by the amount of background coloring in the text boxes. Fluxes into biomass are depicted as 

red arrows pointing to no specific target. The model assumes three compartments (extracellular space, cytosol and 

mitochondria). A list of abbreviations regarding metabolic pools used for the flux map can be found in Suppl. Tab. 

1. B,C: Measured fluxes were compared to simulated fluxes derived from the MFA flux model. The net input fluxes 
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into glycolysis (B), and into the TCA (C) are displayed. Additional relative information on the metabolic routes con-

sidered is added to the data displays. D: Selected intracellular fluxes, relative to glucose uptake (AcCoA_c = cyto-

solic acetyl-CoA, BM = biomass). E: Measured secretion rates (e.g. lactate secretion) are displayed together with 

data derived on the same fluxes from MFA modeling as shown in A. 

6.2.3.7. Loss of glutamine dependency upon differentiation 

Further experiments were conducted to investigate the impact of media components such as 

pyruvate and glutamine on cell growth.  The data showed that not only glutamine, but also 

glutamate and aspartate were rapidly taken up by d0 cells from the medium, while d6 cells 

reduced the medium composition of these amino acids only marginally (Fig. MS2_7). To follow 

up on this, we examined to which extend the cells required glutamine supplementation. The 

d6 cells survived for 24 h in medium devoid of glutamine and pyruvate, while d0 cells all died. 

Glutamine was able to keep cells surviving, but it did not allow proliferation, while combination 

of glutamine and pyruvate allowed a doubling of the cell number (Fig. MS2_7). These results 

point to a crucial importance of pyruvate for proliferation in d0 cells although the pyruvate up-

take rate was only about 10% of the glucose uptake rate (29 ± 8 nmol/106 cells/h, Suppl. Tab. 

2). 

 

Fig. MS2_7: Loss of glutamine dependency of LUHMES upon differentiation 
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LUHMES cells (d0 or d6) were cultured under standardized conditions. Various culture parameters were analyzed 

for up to 60 h, i.e. d0 cells (black) continuing proliferation for up to three days, and for d6 cells (blue) remaining in 

the state of differentiated neurons for up to 60 h. A: Concentrations of glutamine (Gln), glutamate (Glu) and aspar-

tate (Asp) in the cell culture medium. Measurements were performed for 0 h to 24 h in cultures of d0 and d6 cells. 

B+C: Cultures of d0 and d6 were prepared so that they contained similar and standardized numbers of cells at the 

time point when the experiment was initiated. Then, the medium was changed and cell numbers were recorded for 

the following 60 h. The medium contained either no supplements or combinations of pyruvate [1 mM] and l-gluta-

mine [2 mM]. As control, the standard Adv. DMEM/F12 medium (ctrl.) with all supplements added by the commercial 

supplier was used. The cell number was assessed 24 h after medium change and expressed as percent of the 

amount of seeded cells at t=0. Alternatively, the absolute cell count was quantified by automated live cell microscopy 

over a 60 h time period. The number of cells per well is indicated. All data are means ± SD from three biological 

replicates. *: p < 0.05, by one-way ANOVA followed by Dunnett’s post-hoc test. 

In the following, the differential effects of medium supplements were studied for d0 LUHMES 

cells over a period of 60 h. This series of experiments confirmed that LUHMES cells could not 

be maintained alive in medium lacking glutamine. Moreover, it was confirmed that the presence 

of pyruvate enhanced the effect of glutamine (a significant further increase in proliferation), 

while pyruvate alone had no effect (Fig. MS2_7C).  

These data suggested that glutaminolysis (i.e. uptake of glutamine and feeding into the TCA 

via glutamate to aKG) is a pivotal cellular metabolic process that is necessary for the prolifer-

ation of neural precursor cells by supplying carbon backbones for anaplerotic processes, such 

as building block synthesis, while pyruvate may support this process by acting as electron-sink 

(Fig. MS2_4I) (Birsoy et al. 2015; Sullivan et al. 2015). 

6.2.3.8. Differential sensitivity of d0 vs d6 cells for metabolic toxicants 

This study found by several approaches that d0 cells differ particularly from d6 cells in their 

limited capacity to upregulate mitochondrial metabolism and in their dependency on glutamine. 

The latter requires the mitochondrial TCA to be channeled into various metabolic pathways. 

Therefore, the question raised, whether this metabolic situation might sensitize d0 cells to mi-

tochondrial toxicants. To obtain experimental data, the toxicity of antimycin A (ETC complex 

III inhibitor), rotenone (ETC complex I inhibitor) and UK-5099 (inhibitor of mitochondrial py-

ruvate transporter) was assessed by measuring resazurin reduction (viability assay) and lac-

tate dehydrogenase (LDH) release (cell death assay). Generally, both assays give similar data 

on toxicant potency. The comparison of the EC50 values for d0 and d6 cells showed that pro-

liferating cells were more sensitive to toxicants inhibiting mitochondrial metabolism. To get an 

indication on whether the cell-stage dependent toxicity was related to the energetic flexibility 

of the cells, we measured lactate release in the presence of rotenone. As expected, the d6 

cells increased this parameter (a measure of glycolytic activity) by 100% in the presence of the 

toxicant, while d0 cells showed little adaptation (data not shown).  

In a next step, it was tested whether d0 cells were generally more vulnerable. Thus, both cell 

stages were exposed to 3-bromopyruvate, a toxicant that affects energy metabolism not on 

the stage of mitochondria, but at glycolysis. In this experiment, d6 cells proved to be more 

sensitive than d0 cells (Fig. MS2_8). For two non-specific toxicants, the proteasome inhibitor 
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MG-132 and thiol-reactive reagent thiomersal, both cell stages showed similar sensitivities 

(data not shown). 

 

Fig. MS2_8: Differential sensitivity to toxicants of differentiated neurons versus immature precursors 

Proliferating (d0) or differentiated (d6) LUHMES neurons were used in 96-well plates to determine the cytotoxicity 

of mitochondrial inhibitors and of toxicants not inhibiting mitochondrial complexes. After 24 h exposure to serial 

dilutions of toxicants, resazurin reduction (R, purple) and lactate dehydrogenase release (LDH, green) were deter-

mined. Log-logistic curves were fit to the data, and these were used to determine EC50 values. The right hand 

column (d6/d0) indicates ratios for either R or LDH. They were derived by dividing the EC50 value of differentiated 

cells (d6) by the EC50 value of the progenitor cells (d0), respectively. All data are means ± SD from three independ-

ent experiments. 
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6.2.4. Discussion 

In this study, we linked key observations on metabolic changes occurring during neuronal dif-

ferentiation to different stage specific toxicological sensitivities. Using multiple analytical ap-

proaches, including p-SRIM followed by metabolic flux modeling (INST 13C-MFA), we found 

that the strong metabolic changes upon differentiation are mainly due to the changing meta-

bolic needs of the cells undergoing differentiation from proliferating precursors to mature neu-

rons. Proliferative cells were found to be particularly sensitive to toxicants that challenge the 

cellular metabolic buffering capacity. Since their metabolic spare capacities were minor, met-

abolic insults could not be compensated, e.g. by increased glycolysis. Previous approaches in 

toxicology have already used the combination of two or three omics techniques to attempt a 

system-wide characterization of cells and of a specific stress response after toxicant exposure 

(Carreras Puigvert et al. 2013; Krug et al. 2014; Wilmes et al. 2015; Wilmes et al. 2013). This 

study contributed a comprehensive multi-omics approach comprising transcriptomics, prote-

omics, metabolomics, and fluxomics technologies. Two major insights were: (1) an extreme 

glutamine dependence of neural stem cells (d0) and (2) cell stage-specific neurotoxicity.  

Metabolic states in LUHMES cells were inaccessible for traditional 13C-MFA relying on steady-

state labeling enrichment due to long label incorporation times. Therefore, INST 13C-MFA with 

shortened labeling periods and time-resolved observations was implemented (Noh et al. 2006; 

Wiechert and Nöh 2013). This approach made use of the metabolomics data and allowed re-

solving the contribution of key metabolic pathways by joint inference of metabolite pool sizes, 

cell-specific extracellular rates and labeling incorporation profiles. 

The first major observation of our study was the high dependency of neuronal precursor cells 

on extracellular glutamine. It is used for anaplerotic reactions of the citric acid cycle, when 

products of the cycle are used as cellular building blocks. In addition, glutamine is known to be 

a donor of amino-groups for non-essential amino acids as serine and glycine, which are also 

needed for building block and protein synthesis (Hensley et al. 2013a). Furthermore, glutamine 

is a precursor of glutathione (via prior conversion to glutamate) and might thereby aid the 

maintenance of the cells’ antioxidative potential and redox homeostasis (Cetinbas et al. 2016; 

Hensley et al. 2013a).  A recent publication found that proliferating cells, especially during S-

phase, rely on glutamine anaplerosis of the TCA (Ahn et al. 2017), which is in line with d0 

LUHMES showing a high dependence on glutamine. 

D0 LUHMES may fuel their TCA from glutamine, also in order to produce aspartate, as it has 

been described for cancer cells (Vander Heiden et al. 2009a). Such aspartate production has 

been shown for tumor cell lines to be limiting for purine and pyrimidine synthesis (Birsoy et al. 

2015; Sauer et al. 2015), as well as for NADPH production and maintenance of mitochondrial 

membrane potential and integrity (Wise and Thompson 2010). Additionally, glutamine can be 

metabolized to AcCoA without generation of NADH and thereby not further burdening cells’ 

mitochondria (Fernandez-de-Cossio-Diaz and Vazquez 2017; Markert and Vazquez 2015b). 

Differentiated d6 cells have much less need for nucleotide synthesis and, therefore, require 

less glutamine and aspartate. Still these cells maintain a high non-growth related metabolic 
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activity. Label incorporation profiles indicate that mitochondrial metabolism might be enhanced 

in d6 compared to d0 cells, but further comparative 13C-MFA studies are required to finally 

answer this question. Being successfully applied to a test system, this study provides an im-

portant basis for probing specific metabolic states for future studies on the mode of action of 

toxicants. Ultimately, mechanistic models of CCM will be needed to study these modes of ac-

tion (Vasilakou et al. 2016) and to predict toxicological properties of unknown compounds 

(Bouhifd et al. 2013; Ramirez et al. 2013; Sauer et al. 2015; Sturla et al. 2014). 

A potential flaw of the model we use is the expression of the myc transgene to maintain neural 

precursor state. We cannot exclude that myc also affects the metabolism, but there are several 

lines of evidence that suggest that this is a rather minor effect: (i) while we performed our study, 

a similar study was published on the basis iPSC-derived neurons (without myc transgene). 

The findings of this study (although related more to proteome changes) are quite similar to 

ours (Zheng et al. 2016); (ii) the expression levels of v-myc in LUHMES are quite moderate 

compared to endogenous c-myc and we found that the protein amounts were about similar; 

(iii) neural stem cells/neural crest cells do naturally express myc, and it plays an important role 

at this stage (Bellmeyer et al. 2003; Garcia-Castro et al. 2002; Nagao et al. 2008; Varlakhanova 

et al. 2010); (iv) it is known for some other cells that overexpression of myc (cancer environ-

ment) caused minimal changes in glutamine and glucose consumption, although spare respir-

atory capacity was increased (Anso et al. 2013). 

Second, in the field of DNT, there has been a strong focus on fundamental neurodevelopmen-

tal processes as basis for test systems and assays (Aschner et al. 2017; Bal-Price et al. 

2015a). Here, we show that also different susceptibilities of a given cell differentiation stage 

can be important as target of developmental neurotoxicants. Our data suggest a link between 

the metabolic switch during differentiation and alterations in the sensitivity to toxicants. The 

lack of energetic buffering capacity, both mitochondrial and glycolytic, of proliferating d0 cells 

accounts for their higher sensitivity to UK5099, rotenone and antimycin. Instead, the d6 neu-

rons were able to increase the glycolytic activity to counteract the mitochondrial inhibition, and 

therefore they showed higher tolerance to those toxicants. There are several other cases 

known, in which stage-specific toxicity occurs, e.g. exposure to the cell cycle toxicant methyla-

zoxymethylacetat (MAM) (Penschuck et al. 2006b). However, it should not be concluded from 

this example that proliferating cells are generally more sensitive to toxicants. Other literature 

data show that differentiated LUHMES cells are more susceptible to the toxicants colchicine, 

vincristine and methylmercury (Tong et al. 2017b). A differential toxicity is not only observed 

for specific neurotoxicants, but it was also found for the glycolytic inhibitor 3-bromopyruvate, 

for which d6 cells were twice as sensitive as their proliferating counterparts. These data sug-

gest that mature neurons may on the one hand compensate certain metabolic stresses (e.g. 

partial mitochondrial inhibition), but they succumb more readily to the complete shut-down of 

energy production by a glycolytic inhibitor. The data from LUHMES cells on glycolytic compen-

sation for mitochondrial inhibition are well in agreement with data from primary neurons 

(Volbracht et al. 1999) and e.g. lymphocytes (Hirt et al. 2000; Nicotera et al. 1999). It also 

needs to be noted that our study did not address activity-dependent energy consumption of 

cells. For instance some adult neuronal populations, like nigrostriatal dopaminergic neurons, 
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are particularly sensitive to mitochondrial inhibitors. The reason for this is the extremely high 

energy demand of these cells, when they are synaptically integrated (Schildknecht et al. 2017). 

This example shows, that metabolic balance may depend not only on basic biochemical fea-

tures of cells (as studied here), but also on their cellular context. Ways to mimic this would be 

co-cultures (Efremova et al. 2017; Efremova et al. 2015) or 3D-cultures (Smirnova et al. 2016), 

and applying metabolomics to such advance models is an additional future challenge. 

In summary, our study shows that a thorough characterization of the test system can be help-

ful, or sometimes is even pivotal for the understanding of toxicological observations and for the 

interpretation of their relevance. By using an approach combining classical omics techniques 

with 13C-MFA and cellular respiration measurements, we identified metabolic differences that 

accounted for changes in toxicant sensitivity. In the future this approach will be refined and 

expanded towards the description of toxicant effects in the nervous system. Key metabolic 

pathways have to be identified and mapped for various standard toxicants. This knowledge 

could allow for more targeted measurements at lower cost. By focusing on few pathways, me-

tabolites and time points, the procedure could reach a throughput allowing broader screening 

(Buescher et al. 2015). As a hit-follow-up of the screening, a full mechanistic characterization 

may be added. This approach may identify cell stage-specific toxicants not easily detected by 

assays focusing on developmental processes. Since the loss of a highly proliferative subpop-

ulation during neuro-development might result in a pronounced effect in later life, cell death of 

the proliferative precursors can be as fatal as impairment of migration (Nyffeler et al. 2017b), 

neurite outgrowth (Krug et al. 2013a) or neuronal network formation (Brown et al. 2017; Pamies 

et al. 2017).  
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6.2.7. Supplementary Material 

6.2.7.1. Supplementary tables 

Supplementary tables can be downloaded at: https://bit.ly/2Z8HIR2  

6.2.7.2. Supplementary figures 

 

Fig. MS2_S1: Label incorporation kinetics in d0 and d6 LUHMES cells 

LUHMES cells (d0 or d6) were cultured under standardized conditions, until medium was replaced with fresh media 

4 h prior to label experiments. At 0 h, medium was replaced again with culture medium either supplemented with 

[U 13C]-glucose + [U 12C]-glutamine or [U 12C]-glucose + [U 13C]-glutamine. Label incorporations into various 

metabolites were analyzed for up to 24 h. For citrate only the [1-4,6] fragment and for glutamate only the [1-4] 

fragment, was observed (InChI enumeration). A: Label influx in lactate and malate of d0 (left) and d6 (right) LUHMES 

originating from labeled glucose. B: Label influx in citrate and malate of d0 (left) and d6 (right) LUHMES originating 

from labeled glutamine. C+D: Label enrichment (100%-unlabeled) after 6 h of label exposure into metabolites from 

13C-Glc or 13C-Gln, as indicated data are means ± SD from three independent experiments. E: Graphical depiction 

of label entry routes into CCM from glucose or glutamine (purple: label entry; blue: TCA anaplerosis by Gln; green: 

TCA; orange: glycolysis; black: malic enzyme). F: depiction of the citrate molecule with InChI enumeration of the 

carbon atoms (numbered circles). The green carbons were identified by the MS measurement. All data are means 

± SD from three independent experiments, *: p < 0.05, by one-way ANOVA followed by Dunnett’s post-hoc test. 
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Fig. MS2_S2: Fluxomics workflow 

Experimental data are incorporated in a metabolic network model to obtain a flux map, showing the reaction rates 

(fluxes) of cellular metabolism in vivo. Unknown model parameters are fitted to the experimental data (“optimiza-

tion”) and the result (the flux map) is visualized in the context of the metabolic network representation. The main 

steps are briefly summarized. For further information about the general procedure of 13C MFA, the reader is re-

ferred to the literature (below). Experimental data generation step (see also “Extracellular rate determination” in the 

main text): Extracellular uptake and secretion (net) rates quantify how fast substrates are taken up by the cells, or 

are secreted as products, respectively. Extracellular rates are estimated from experimentally determined extracel-

lular concentration courses over time of the respective chemical compound. Equipped with the rates, the carbon 

balance is checked to be closed in order to account for all important carbon fluxes into and out of the cells. Likewise, 

the specific growth rate of the cells is estimated, e.g. from numbers of viable cells over time. The period in which 

the cell culture is in a metabolic (pseudo)steady state, dictates the time window for the INST 13C MFA experiments. 

Sampling times are chosen in such a way that the dynamic labeling enrichment in the different intracellular metab-

olites can be followed. During the INST 13C MFA experiment, cell culture samples were taken (3 biological repli-

cates) quenched, and subjected to chemical analysis. Mass spectrometry was used to obtain i) 13C label incorpo-

ration profiles of the intracellular metabolites and ii) absolute intracellular pool sizes (using external standards). 

Additionally,13C label incorporation profiles were corrected for natural abundance. Modeling step: A metabolic net-

work is usually constructed from data bases and literature sources. Reaction directions are assigned in consistency 

with thermodynamic knowledge. During the model building and testing process, constraints for fluxes and metabo-

lite pool sizes are added, if required. To model proliferation, a biomass equation is added to account for the cellular 
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investments of growth which are related to the precursor metabolites. Metabolite pools and transport reactions 

across the cell wall/membrane are added in line with the experimental data. An important part of the process is that 

carbon atom transitions are specified to describe the fate of each individual carbon atom (e.g. C2 within lactate) 

within the network. Another parameter input is the input substrate mixture of the INST 13C MFA experiment. In this 

context, the analytical measurement configuration is added to the model. To start modeling, feasible initial values 

for fluxes and metabolite pool sizes are chosen. Optimization phase: Because intracellular fluxes cannot be directly 

measured, they are estimated by iteratively fitting the model parameters to the experimentally determined data. 

Through the optimization process an optimal set of pool sizes and fluxes is calculated by comparing experimental 

and model-predicted data and minimizing the variance-weighted differences. Because minimization is likely to be 

trapped in solutions that are not globally optimal, the process of parameter estimation is started repeatedly with 

randomly sampled initial parameter configurations. In the end, the best solution of pools and fluxes is visualized in 

a flux map. Sometimes, it is not possible to suggest a fluxmap that fulfills all conditions. For instance the requirement 

of a closed carbon balance may not be adoptable to the measured extracellular rates and known atom transitions, 

without postulates on fluxes that are physiologically highly unlikely. Additional literature: Fernandez, C.A., Des Ros-

iers, C., Previs, S.F., David, F., Brunengraber, H., 1996. Correction of 13C mass isotopomer distributions for natural 

stable isotope abundance. J. Mass Spectrom. 31, 255–62. doi:10.1002/(SICI)1096-9888(199603)31:3<255::AID-

JMS290>3.0.CO;2-3, Nöh, K., Droste, P., & Wiechert, W. (2015). Visual workflows for 13C-metabolic flux analysis. 

Bioinformatics, 31(3), 346–354. http://doi.org/10.1093/bioinformatics/btu585, Nöh, K., Wahl, A., & Wiechert, W. 

(2006). Computational tools for isotopically instationary 13C labeling experiments under metabolic steady state 
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Fendt, S.-M., Rühl, M., & Sauer, U. (2009). 13C-based metabolic flux analysis. Nature Protocols, 4(6), 878–892. 

http://doi.org/10.1038/nprot.2009.58 



Results: Manuscript #2 – Stage-specific metabolic features of differentiating neurons: Implications for toxicant 
sensitivity 

88 

 

Fig. MS2_S3: Examples of pathways regulated during LUHMES differentiation 

For characterization of the proliferating (d0) and differentiated (d6) LUHMES cells, standardized cell culture condi-

tions were used to generate samples from the two types of untreated control cells for further analysis. A: The mRNA 

expression of four independent cultures of proliferating (d0) and differentiated LUHMES (d6) cells was measured 

using Affymetrix microarray analysis. Expression levels were determined genome-wide. From these data, differen-
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tially expressed genes (DEG) were identified by sorting for probe sets (=Affymetrix gene probes) that were ex-

pressed in d6 cells ≥ 4 times higher or lower than in d0 cells. Then, a modulated Limma test was applied to further 

select those genes for which the differential expression was significant at the 5% level, after the correction for 

multiple testing. These genes were analyzed for statistical overrepresentation (enrichment) of pathways (PWs) an-

notated in the Reactome and Panther databases (Croft D et al. 2014; Fabregat A, et al. 2017; Thomas PD, et al. 

2003; Thomas PD, et al. 2006). The number of PWs found is shown (upregulated: red, downregulated: blue). B: 

For four regulated PWs, the enrichment factor (EF) and the respective genes are displayed (white: genes of the 

PW, green: genes of the PW regulated in LUHMES differentiation). C: Visualization of the purine ribonucleoside 

monophosphate biosynthesis pathway using the Vanted V2 tool (Rohn et al. 2012). Downregulated genes are 

shown in blue, and numbers indicate the fold change down-regulation (d0 vs d6). Substrates and products are 

enclosed by boxes with round edges and connected by arrows. Enzymes/genes are enclosed by rectangles. Ab-

breviations: PPAT, Amidophosphoribosyltransferase; GART, Trifunctional purine biosynthetic protein adenosine-3; 

PFAS, Phosphoribosylformylglycinamidine synthase; PAICS, Multifunctional protein ADE2; ATIC, Bifunctional pu-

rine biosynthesis protein PURH; IMPDH2, Inosine-5'-monophosphate dehydrogenase; ADSS, Adenylosuccinate 

synthetase isozyme 2; ADSSL1, Adenylosuccinate synthetase isozyme 1;GMPS, GMP synthase; LHPP, Phospho-

lysine phosphohistidine inorganic pyrophosphate phosphatase. Additional literature Croft, D., A. F. Mundo, et al. 

(2014). "The Reactome pathway knowledgebase." Nucleic Acids Res 42(Database issue): D472-477, Fabregat, A., 

S. Jupe, et al. (2017). "The Reactome Pathway Knowledgebase." Nucleic Acids Res., Rohn, H., Junker, A., et al. 

(2012) “VANTED v2: a framework for systems biology applications.” BMC Systems Biology20126:139, Thomas, P. 

D., M. J. Campbell, et al. (2003). "PANTHER: a library of protein families and subfamilies indexed by function." 

Genome Res 13(9): 2129-2141., Thomas, P. D., A. Kejariwal, et al. (2006). "Applications for protein sequence-

function evolution data: mRNA/protein expression analysis and coding SNP scoring tools." Nucleic Acids Res 

34(Web Server issue): W645-650. 
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6.3.1. Abstract 

Many neurotoxicants affect energy metabolism in man, but currently available test methods 

may still fail to predict mito- and neurotoxicity. We addressed this issue by using LUHMES 

cells, i.e. human neuronal precursors that easily differentiate to mature neurons. Within the 

NeuriTox assay, they have been used to screen for neurotoxicants. Our new approach is based 

on culturing the cells in either glucose or galactose (Glc-Gal-NeuriTox) as main carbohydrate 

source during toxicity testing. Using this Glc-Gal-NeuriTox assay, 52 mitochondrial and non-

mitochondrial toxicants were tested. The panel of chemicals comprised 11 inhibitors of mito-

chondrial respiratory chain complex I (cI), 4 inhibitors of cII, 8 of cIII, and 2 of cIV; 8 toxicants 

were included as they are assumed to be mitochondrial uncouplers. In galactose, cells became 

more dependent on mitochondrial function, which made them 2-3 orders of magnitude more 

sensitive to various mitotoxicants. Moreover, galactose enhanced the specific neurotoxicity 

(destruction of neurites) compared to a general cytotoxicity (plasma membrane lysis) of the 

toxicants. The Glc-Gal-NeuriTox assay worked particularly well for inhibitors of cI, and cIII, 

while the toxicity of uncouplers and non-mitochondrial toxicants did not differ significantly upon 

glucose↔galactose exchange. As a secondary assay, we developed a method to quantify the 

inhibition of all mitochondrial respiratory chain functions/complexes in LUHMES cells. The 

combination of the Glc-Gal-NeuriTox neurotoxicity screening assay with the mechanistic follow 

up of target site identification allowed both, a more sensitive detection of neurotoxicants and a 

sharper definition of the mode-of-action of mitochondrial toxicants. 

 

6.3.2. Highlights  

• Application of the glucose vs galactose shift assay for neurotoxicity 

• Specific functional readout (neurite outgrowth) as measure for neurotoxicity 

• Mechanistic follow-up assays to define mitochondrial targets of neurotoxicants 

• Mechanistic toxicity screening of 52 compounds 

• Metabolic reprogramming of cells to improve test specificity & sensitivity  
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6.3.3. Abbreviations 

ADP: adenosine triphosphate 
AOP: adverse outcome pathway 
Asp: L-aspartate 
ATP: adenosine diphosphate 
cAMP: N6,2′-O-dibutyryladenosine 3′,5′-cyclic monophosphate 
cI-V: MRC complex I-V 
CNS: central nervous system 
Cyt c: cytochrome c 
FAD(H2): flavin adenine dinucleotide (FAD: oxidized, FADH2: reduced) 
FCCP: carbonyl cyanide-4-(trifluoromethoxy)phenylhydrazone 
G6P: glucose-6-phosphate 
Gal1P: galactose-1-phosphate 
GALK: galactokinase 
GALT: galactose-1-phosphate uridylyltransferase 
GDNF: glial derived neurotrophic factor 
Glc1P: glucose-1-phosphate 
Hex: hexose, in this study either glucose or galactose 
HK: hexokinase 
Lac: lactate 
Mal: malate 
MoA: mode of action 
MPP: 1-methyl-4-phenylpyridinium 
MRC: mitochondrial respiratory chain 
NA: neurite area 
NAD(H): Nicotinamide adenine dinucleotide (NAD: oxidized, NADH: reduced) 
NPA: 3-nitropropionic acid 
O2: oxygen 
OA: oxaloacetate  
OCR: oxygen consumption rate 
PC: pyruvate carboxylase 
PGM: phosphoglucomutase 
Pyr: pyruvate 
Q: ubiquinone or coenzyme Q 
ROS: reactive oxygen species 
Ser: L-serine 
SSA: 5’-sulfosalicylic acid 
TCA: citric acid cycle or Krebs cycle or tricarbonic acid cycle 
UDP: uridine diphosphate 
UDP-GALE: UDP-glucose 4-epimerase 
V: viability 
  



Results: Manuscript #3 – Development of a neurotoxicity assay that is tuned to detect mitochondrial toxicants 

94 

6.3.4. Introduction 

Specific identification of neurotoxicants still remains a problem to be solved, and assay condi-

tions need to be optimized to increase the sensitivity of available in vitro tests (Schmidt et al. 

2017; van Thriel et al. 2017). The metabolic situation of a given cell type is one of the param-

eters that may be tuned as it is known to be one of the key determinants affecting the type and 

extent of toxicity triggered by a chemical (Delp et al. 2018a; Latta et al. 2000; Leist et al. 1997b; 

Leist et al. 1999; Volbracht et al. 1999). Replacement of glucose for galactose in cell culture 

media was reported to tune cellular metabolism from a primary glycolytic to a predominantly 

mitochondrial phenotype without impairing ATP production (Reitzer et al. 1979; Robinson et 

al. 1992). 

Mitochondria are key organelles of eukaryotic cells, best known for their central role in energy 

homeostasis (Zhang and Avalos 2017). However, their failure also affects other cell functions, 

such as calcium signaling (Huang et al. 2017; Leist and Nicotera 1998), (phospho)lipid metab-

olism (Wajner and Amaral 2015), neurotransmitter turnover (Leist et al. 1998; Nicotera et al. 

1999), amino acid metabolism including urea generation (Porporato et al. 2016) and steroid 

metabolism (Martin et al. 2016). Mitochondrial dysfunctions may therefore have largely differ-

ent manifestations in different tissues and metabolic situations. Moreover, such defects may 

escape detection in commonly used toxicological models due to the compensatory capacities 

that are often seen in animal models (Blomme and Will 2016). Also, most commonly used cell 

cultures lack sensitivity, as culture media contain frequently supra-physiological amounts of 

glucose, and thereby facilitate aerobic glycolysis instead of mitochondrial activity for energy 

production (Jones and Bianchi 2015; Lunt and Vander Heiden 2011; Reitzer et al. 1979).  

Considering the difficulties of detecting mitochondrial toxicity (mitotoxicity) in rodents, it is not 

surprising that many drugs that had to be withdrawn from the market (e.g. troglitazone und 

cerivastatin), had later been linked to mitotoxicity (Blomme and Will 2016; Tirmenstein et al. 

2002; Westwood et al. 2005). Indeed, a sizable fraction of compounds causing e.g. drug in-

duced liver injury are mitotoxicants (Aleo et al. 2014; Begriche et al. 2011; Pessayre et al. 

2012; Rana et al. 2018; Tilmant et al. 2018). 

The need to obtain data on mitochondrial toxicity has been realized in several large European 

research projects (Desprez et al. 2018; Dragovic et al. 2016; Jennings et al. 2014; Kinsner-

Ovaskainen et al. 2013; Kohonen et al. 2017; Wolters et al. 2018) as well as by the Tox21 

program (Attene-Ramos et al. 2015; Xia et al. 2018).   

During the past two decades, technologies have become available that allow the investigation 

of cellular oxygen consumption for large numbers of samples. Examples are the Agilent Sea-

horse devices, with sensors fixed to dedicated plates (Nadanaciva et al. 2012) or various meth-

ods using soluble sensors to be added to the cell cultures (Gerencser et al. 2009; O'Riordan 

et al. 2007). Optimized protocols to permeabilize cells allow detailed studies on individual mi-

tochondrial respiratory chain complexes without the need to isolate mitochondria from cells 

(Divakaruni et al. 2014; Salabei et al. 2014). 
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To make cell lines more dependent on mitochondrial metabolism, especially pharmaceutical 

industry has developed the approach of reducing glucose availability in test systems like 

HepG2 hepatoma cells (Blomme and Will 2016; Kamalian et al. 2015; Marroquin et al. 2007; 

Will and Dykens 2014), mouse embryonal and primary human fibroblasts (Pereira et al. 2012; 

Pereira et al. 2018), leukemia K562 cells (Swiss et al. 2013), or  skeletal muscle cells (Dott et 

al. 2014). 

For typical cell lines, ≥80% of the glucose taken up is excreted as lactate, while only 5% is 

oxidized in mitochondria. In cells offered galactose (Gal) instead of glucose (Glc), glycolytic 

flux is largely reduced, while mitochondrial usage increases to produce sufficient ATP (Reitzer 

et al. 1979; Robinson et al. 1992). The original Glc-Gal assays used in toxicology, analyze the 

shift in cytotoxic potency of a test compound in glucose vs galactose culture conditions. More 

recently, the Glc-Gal assay was combined with global oxygen consumption measurements of 

intact cells to further verify the impairment of mitochondrial metabolism (Eakins et al. 2016). 

The Glc-Gal shift conditions were also exploited to identify vital OXPHOS genes and a regula-

tory network of them (Arroyo et al. 2016; Robinson et al. 1992).  

Neurotoxicity is one of the most frequent drug side effects and involves multiple mechanisms 

(Bal-Price et al. 2015b; Budnitz et al. 2006). As neurons are highly mitochondria-dependent 

cells, they are particularly susceptible to mitochondrial toxicants (Schmidt et al. 2017). Accord-

ingly, some of the most notorious neurotoxicants, such as carbon monoxide, nitropropionic 

acid, rotenone and MPP+ are mitochondrial respiratory chain inhibitors (He et al. 2017; Leist et 

al. 1997a; Leist et al. 1998; Leist et al. 1997c; Levy 2017; Nicklas et al. 1985; Nicotera and 

Leist 1997; Schildknecht et al. 2017; Sherer et al. 2007). One of the few Adverse Outcome 

Pathways (AOP) fully endorsed by the OECD has mitochondrial dysfunction as pivotal key 

event (Bal-Price et al. 2018b; Terron et al. 2018). Given this situation, it is surprising that only 

few toxicological test methods focus on the sensitive detection of mitochondrial neurotoxicants. 

Typical neuronal in vitro cultures are fed with high glucose concentrations, and galactose as-

says have so far not been established in this area.  

To closer explore the role of mitochondria in neurotoxicity, the European research project EU-

ToxRisk has initiated a case study (designated CS4) which investigates the propensity of var-

ious mitochondrial inhibitors to cause neurotoxicity (http://www.eu-toxrisk.eu/). Within this con-

text, a broad panel of mitotoxicants was identified as tool compounds to trigger mechanistically 

diverse types of respiratory dysfunction. This set of compounds (Fig. MS3_S1) was used here 

to refine existing human cell-based neurotoxicity assays.  

The New Approach Methods (NAM) currently available to test neurotoxicity (Barbosa et al. 

2015; Forsby et al. 2009; Gustafsson et al. 2010; Harrill et al. 2018; Hendriks et al. 2014; 

Schmuck and Kahl 2009; Schultz et al. 2015; Terrasso et al. 2015; Wilson et al. 2014) make 

use of the particular vulnerability of specific sub-populations (Zimmer et al. 2011b) or they use 

functional readouts like specific inhibition of neurite outgrowth (Harrill et al. 2011; Hoelting et 

al. 2016; Krug et al. 2013a), disturbance of network formation (Bal-Price et al. 2015a; Frank et 
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al. 2017) or impaired calcium signaling (Gustafsson et al. 2010; Nordin-Andersson et al. 2003). 

None of these methods is particularly tuned to identify mitochondrial neurotoxicants.  

Therefore, this study was initiated to modify the LUHMES cell-based NeuriTox test (Krug et al. 

2013a; Stiegler et al. 2011) in order to detect mitochondrial neurotoxicants more sensitively. 

The easy availability of high amounts of well-controlled neuronal cells makes the LUHMES-

based assay suitable for high throughput screening (Delp et al. 2018b; Schildknecht et al. 

2013).  These cells can be differentiated homogenously within five days into mature neurons 

(Scholz et al. 2011) that show high sensitivity to toxicants (Gutbier et al. 2018a; Gutbier et al. 

2018b; Tong et al. 2017b; Tong et al. 2018; Witt et al. 2017). The conventional NeuriTox test 

differentiates between blunt cytotoxicity and the specific inhibition of neurite outgrowth to de-

tect neurotoxicants (Delp et al. 2018b; Krug et al. 2013a). In this study, the Glc-Gal shift was 

explored as expansion of the test protocol. Moreover, a secondary follow-up assay was devel-

oped to pinpoint the mode of action of mitotoxicants identified in the new Glc-Gal NeuriTox 

assay. The link of neurotoxicants to their inhibition of specific parts of the neuronal mitochon-

drial respiratory chain can be used for hit confirmation of mitotoxicity screens.  
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6.3.5. Material and Methods 

6.3.5.1. Materials 

Unless specified otherwise, cell culture reagents (consumables and media) were from 

Gibco/Thermo Fisher Scientific (Waltham, USA), and fine chemicals (inhibitors, substrates) 

were from Sigma Aldrich (Steinheim, GER). Physico-chemical properties, CAS identifiers and 

literature references on the tested set of chemicals was compiled in Fig. MS3_S1. 

6.3.5.2. Assessment of neurotoxicity by human neurite outgrowth assay (NeuriTox) 

LUHMES (Lund human mesencephalic) cells were cultured as previously described (Delp et 

al. 2018b; Krug et al. 2013a; Stiegler et al. 2011). Briefly, proliferating precursor cells were 

kept in proliferation medium (AdvDMEM/F12 containing 2 mM L-glutamine, 1× N2 supplement 

(Invitrogen)) enriched with 40 ng/ml recombinant human basic fibroblast growth factor (R+D 

systems) and cultured in a 5% CO2/95% air atmosphere at 37 °C. Cell culture dishes and 

flasks (Sarstedt) were pre-coated with 50 μg/ml poly-L-ornithine (PLO) and 1 μg/ml fibronectin 

(Sigma-Aldrich). Differentiation to post-mitotic neurons was performed by seeding cells at a 

density of 45,000 cells/cm² kept in proliferation medium for 24 h and a subsequent medium 

change to differentiation medium (AdvDMEM/F12 supplemented with 2 mM L-glutamine, 1× 

N2 (Invitrogen), 1 mM N6,2’-O-dibutyryl 3′,5′-cyclic adenosine monophosphate (cAMP) 

(Sigma-Aldrich), 1 µg/ml tetracycline (Sigma-Aldrich),  and 2 ng/ml recombinant human glial 

cell-derived neurotrophic factor (GDNF, R+D Systems)). After 48 h of differentiation, cells were 

detached with 0.05% trypsin/EDTA (Invitrogen) and seeded into 96 well plates at a density of 

100,000 cells/cm². In the standard NeuriTox setup, pre-differentiated cells were treated one 

hour after seeding, i.e. on day two of differentiation (d2) for 24 h. For the assessment of neurite 

area on d2, directly before trypsinization, cells were pre-differentiated in 96 well plates and 

assayed after 48 h of differentiation. 

6.3.5.3. Glc-Gal NeuriTox assay 

For the modified Gal-NeuriTox assay, the cells were handled exactly in the same way, but the 

medium contained 18 mM galactose. To assess the difference between cells grown in glucose 

(Glc cells) and cells grown in galactose (Gal cells), always the same proliferating precursor 

population was used for parallel differentiations in the presence of glucose (Glc medium) or 

galactose (Gal medium).  

6.3.5.4. Image acquisition and quantification in the neurite assays 

Image acquisition was performed exactly as described previously (Krug et al. 2013a; 

Schildknecht et al. 2013; Stiegler et al. 2011). Briefly, cells were live-stained with 1 µg/ml 

Hoechst H-33342 and 1 µM calcein-AM for image acquisition. The neurite area was calculated 

as the total calcein positive area corrected for the somatic area, covered by the cell bodies. If 

cell densities varied from preparation to preparation (e.g. for the Glc Gal comparison of d2 cells 

before replating), data were compared between parallel cultures from individual preparations. 
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The apparent neurite area per cell was smaller in high-density cultures since neurites growing 

over cell bodies were excluded by the software. For statistical tests, then the pairwise mode 

was chosen. This was necessary as the applied image quantification algorithm requires equal 

cell densities. Viable cells were defined by a nucleus with overlapping calcein signal. Nuclei 

without calcein stain were counted as dead cells. Viability was expressed as viable cells/total 

cells x 100%. 

6.3.5.5. Seahorse assessment of mitochondrial and glycolytic functional parameters of 

intact LUHMES cells 

Assessment of mitochondrial and glycolytic functionality was performed exactly as described 

earlier (Delp et al. 2018b). Briefly, d2 LUHMES cells, already cultured for 48 h in either Glc 

medium or Gal medium were seeded at a density of 100,000 cells/cm² into Agilent Seahorse 

XFe24 well plates. At 24 h later (on d3), cells were analyzed. The “basal” respiration and acid-

ification was measured in untreated cells; the “maximal respiration” was measured in the pres-

ence of 1.5 µM carbonyl cyanide-4-(trifluoromethoxy)phenylhydrazone (FCCP); the “maximal 

acidification” was assessed in Glc cells in the presence of 1 µM oligomycin, which blocked 

mitochondrial energy production and made cells 100% dependent on glycolysis for energy 

production. Due to the different situation in Gal cells (dependence on mitochondria), different 

conditions were chosen here to maximize the galactolytic flux. Mitochondria were uncoupled 

by 1.5 µM FCCP to allow a maximal metabolism of pyruvate which was not secreted as lactate 

by these cells. Under such conditions, CO2 produced by the TCA might contribute to the acid-

ification. Oxygen consumption rate (OCR) and extracellular acidification rate (ECAR) were al-

ways normalized to the cell count. The latter was obtained by including 1 µg/ml H-33342 plus 

1 µM calcein-AM (final concentrations on the cells) in the last Seahorse injection followed by 

automated image analysis as described above for the NeuriTox assay (using the Seahorse 

assay plates on Cellomics CellInsight (Cellomics, Waltham, MA, USA)). 

6.3.5.6. Assessment of the function of individual mitochondrial complexes in 

permeabilized LUHMES cells 

To study the inhibition of individual mitochondrial respiratory chain (MRC) complexes, prolifer-

ating LUHMES cells were seeded into Agilent Seahorse XFe24 well plates at a density of 

205,000 or 135,000 cells/cm² and were allowed to grow for one or two days in proliferation 

medium, respectively. They were used at 24-48 h after seeding, when they had recovered from 

replating and reached 95% confluency, but were not overgrown. For the assay, cells were 

permeabilized with MAS-buffer (220 mM mannitol, 1 mM ADP, 70 mM sucrose, 10 mM 

KH2PO4, 5 mM MgCl2, 2 mM HEPES, 1 mM EGTA, 4 mg/ml fatty acid free BSA, pH= 7.2) 

supplemented with 25 µg/ml digitonin (Salabei et al. 2014). The Seahorse measurements of 

OCR were started 30 min after permeabilization. The function of respiratory chain complexes 

was assessed by a strategy  (Salabei et al. 2014) based on applying complex-specific sub-

strates and inhibitors, with exact conditions optimized to LUHMES (cI: substrate was 5 mM 

Pyr, 2 mM Gln, and 2.5 mM Mal, inhibitor was 0.5 µM rotenone; cII: substrate was 10 mM 

succinate, inhibitor was 5 mM malonate; cIII: substrate was 250 µM duroquinol (TCI chemicals 
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Germany, Eschborn, GER), inhibitor was 0.5 µM antimycin A; cIV: 125 µM TMPD + 2 mM 

ascorbic acid, no specific inhibitor was used) substrate was  and the injection strategy detailed 

in the results section as part of the seventh figure. Since the measurement was extremely 

sensitive to cell number variations, the last measurement before the injection of the test sub-

stance, was used for internal normalization. For each respiratory chain complex, its activity in 

the presence of solvent-control (DMSO) was used as reference to normalize the data for sam-

ples exposed to test substances. 

6.3.5.7. Lactate quantification 

To measure the lactate secretion, Glc- and Gal-cells were seeded at d2 into fresh (lactate free) 

medium and cultured for 24 h. The lactate concentration in the medium was determined by a 

commercially available enzymatic assay (Diaglobal LAC142 assay, Berlin, Germany) with a 

colorimetric endpoint. The amount of lactate produced within 24 h was normalized to the live 

cell count. The latter was assessed by H-33342 and calcein-AM staining as described above. 

6.3.5.8. Proteasomal activity 

To quantify the proteasomal activity, cells were cultured and exposed exactly in the same way 

as for the NeuriTox assay. Parallel plates that were not used to assess viability and neurite 

outgrowth were used to assess proteasomal activity. Activity measurements were performed 

exactly as described in (Gutbier et al. 2018b). The assay is based on the replacement of cell 

culture medium by HBSS-buffer containing a cell permeable proteasomal substrate (MeOSuc-

Gly-Leu-Phe-AMC, 25 µM (Bachem, Bubendorf, Switzerland)) after 24 h of toxicant exposure. 

AMC-fluorescence (ex: 360 nm, em: 465 nm) was determined directly after addition of the 

assay buffer on the cells and after 90 min incubation. The increase in fluorescence was used 

as measure of proteasomal activity. 

6.3.5.9. Intracellular ATP 

To assess intracellular ATP content, the plates from the NeuriTox assay were multiplexed with 

an ATP assay, i.e. after the image analysis on a Cellomics CellInsight, cells were lyzed within 

the plates. Then, ATP was measured luminometrically, using a commercial reagent mix 

(Promega CellTiterGlo 2.0) containing luciferase. Data were normalized to DMSO solvent con-

trol. 

6.3.5.10. Quantification of aspartate and serine 

Amino acids were quantified as described earlier (Delp et al. 2018a; Secker et al. 2018). Briefly, 

cells were lyzed on ice with 50% MeOH/H2O and the lysates were vacuum-dried. After recon-

stitution in 2% (w/v) 5-sulfosalicylic acid/H2O (SSA), followed by a centrifugation step (20,000 

x g, 30 min, 4 °C), samples were subjected to a HPLC separation. For detection, a post-column 

ninhydrin reaction was employed that generated colorimetrically detectable amino acid deriv-

atives that were quantified by their absorbance at 570 nm. To determine amino acid concen-

trations in the cell culture medium, samples from the cell culture supernatant were obtained. 
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SSA was added to yield a final SSA concentration of 2%. Then samples were centrifuged (30 

min, 4 °C, 20,000 x g), the supernatant was mixed 1:1 with sample dilution buffer (0.12 M LiCl, 

pH 2.2) and analyzed as described above. 

6.3.5.11. Assessment of neurotoxicity in SH-SY5Y cells 

Human neuroblastoma SH-SY5Y cells were plated in 96 well plates with micro-clear bottom 

(31,250 cells/cm², Greiner) in 100 µl proliferation medium (EMEM supplemented with 10% fetal 

bovine serum, 2 mM L-glutamine, 1% non-essential amino acids, 100 µg/ml streptomycin and 

100 U/ml penicillin) (Gustafsson et al. 2010). Differentiation was initiated 24 h later (on day 0) 

by exchange to 100 µl/well differentiation medium (DMEM:F12, supplemented with 1 µM all-

trans retinoic acid (RA), 1x N2 supplement, 2 mM L-glutamine, 100 µg/ml streptomycin and 

100 U/ml penicillin). All media and supplements were obtained from Gibco (ThermoFisher) 

except from RA (Sigma). On d3, 50% of the medium was exchanged. Conventional SH-SY5Y 

cultures (Glc-SH-SY5Y cells) received fresh differentiation medium on d6, together with the 

toxicant. Cell cultured in Gal medium (Gal-SH-SY5Y cells) received fresh Gal-differentiation 

medium (AdvDMEM/F12, supplemented with 1 µM RA, 2 mM L-glutamine and 18 mM galac-

tose (Roth) instead of glucose) on d5 to allow metabolic adaptation. The cells were exposed 

to toxicants on d6. Test compounds were always added in 10 µl of 10x concentrated test-

substances for 24 h. Subsequently, cells were stained with 5 µg/ml H-33342, and 5 µM pro-

pidium iodide (PI, Sigma) (final concentrations) to assess cell viability, i.e. the fraction of non-

PI positive cells (live cells) relative to H-33342 positive cells (total cell count) by automated 

high content microscopy (ImageXpress Micro (Molecular Devices, UK)). The cells were imaged 

using a 10x objective lens, and the following wavelengths: H-33342 excitation 377±50 nm, 

emission 447±60 nm, 100 ms exposure time, PI excitation 562±40 nm, emission 624±40 nm, 

400 ms exposure time. 

6.3.5.12. Curve fitting, data mining and statistics 

For all data shown, at least three independent experiments were performed. Each independent 

experiment (=biological replicate) consisted of several technical replicates. In the first data 

processing step, data of the technical replicates were expressed as percent of their respective 

solvent controls within a biological replicate. After that, technical replicates were averaged, i.e. 

the mean of all technical replicates of one independent experiment were used as single data 

point of a biological replicate. Subsequently, the mean of the ≥3 biological replicates was de-

termined, and a measure of variation (SD/SEM) was calculated. 

Curve fits were calculated using a 4-parameter Hill model with constraints for the upper as-

ymptote to 100% of solvent-treated samples. The equation of the Hill model was solved for f(x) 

= 75% or 50% to determine the EC25 or EC50, respectively, i.e. the concentration at which the 

neurite outgrowth inhibiting effect was at 25% or 50% of the solvent control. If not stated oth-

erwise, data in the figures are means ± SEM and statistical differences between the treatments 

and the control were evaluated by an analysis of variance (ANOVA) followed by Dunnett’s 

post-hoc test (p < 0.05).  



Results: Manuscript #3 – Development of a neurotoxicity assay that is tuned to detect mitochondrial toxicants 

101 

6.3.6. Results and discussion 

6.3.6.1. Comparison of basic metabolic, morphological and functional features of cells 

cultured in glucose vs galactose 

The most important sugar for cellular energy supply is glucose (Glc), but most cells express 

transporters and a metabolic machinery to use related carbohydrates. One of these is galac-

tose (Gal), the C4 epimer of glucose. Gal and Glc are nearly identical molecules, differing only 

in the stereospecific conformation of the hydroxyl group at carbon atom 4 (Fig. MS3_1A).  

For energy production, all sugars are converted to one of the canonical glycolysis intermedi-

ates, and from this stage on, they all follow the same unified pathway to form pyruvate (Pyr). 

Gal metabolism (galactolysis) differs from Glc metabolism (classical glycolysis) only in the en-

try steps. Glc is directly (single enzymatic step) converted to glucose-6-phosphate (G6P), the 

first glycolytic metabolite; the conversion of Gal to G6P requires 3 enzymatic steps, plus a 

recycling reaction, i.e. the co-ordinate function of four enzymes. However, contrary to errone-

ous reports in the literature, the conversion of Glc and Gal to G6P requires the same amount 

of energy (i.e. one ATP per sugar). If galactolysis and glycolysis produce different amounts of 

ATP, then this must be for kinetic reasons, i.e. because of a different flux/speed of the final Pyr 

formation. Galactolytic turnover may be attenuated either due to slower import of Gal, or a less 

rapid conversion to G6P. The theoretical maximal yield of reducing equivalents (NADH) and 

energy equivalents (ATP from glycolysis and mitochondrial metabolism) is the same for the 

two sugars (Fig. MS3_1B). 

To test the effect of Gal vs Glc supply to neurons, the established NeuriTox test protocol was 

modified. In a parallel experimental setup, starting with the same proliferating culture, LUHMES 

cells were either differentiated in Glc or Gal-containing differentiation medium to allow a full 

adjustment to the metabolic conditions at the time of the toxicant treatment (i.e. on d2 of dif-

ferentiation, after replating). Neurite outgrowth and general cell viability were assessed after 

24 h of treatment for both assay conditions (Fig. MS3_1C).  

We expected that cells would use different strategies of ATP production, when cultured in Glc 

vs Gal, as described earlier for non-neuronal cells. Our assumption was that cells in Glc gen-

erate most of their ATP as well as some metabolites like serine and ribose from glycolysis. The 

abundant NADH and pyruvate generated by this metabolic condition, are transformed to lac-

tate, which is then secreted, and to NAD+ which allows cells further glycolytic flux. Mitochon-

drial metabolism, e.g. the citric acid cycle (TCA), is not primarily used for energy production 

(Fig. MS3_1D). For Gal cells, we expected a shift towards a mitochondria-dominated metabo-

lism. Under such conditions, the Pyr produced through galactolysis is used to fuel the TCA and 

thus respiratory generation of ATP. With a predominantly mitochondrial fate of Pyr, lactate 

excretion would not be required, and less carbon may be used for biosynthesis. Instead, galac-

tolytic NADH would be transported into the mitochondria via the malate/aspartate shuttle to 

produce energy. Increased levels of oxaloacetate, formed from pyruvate by pyruvate carbox-

ylase (PC), can increase the mitochondrial/cytosolic exchange of NADH. PC is known to be 

active in LUHMES cells (Delp et al. 2018a) and to be activated by acetyl-CoA, i.e. a metabolite 
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likely to be increased in Gal cells (Yu et al. 2009). Thus, mitochondria are expected to serve 

as main source of ATP production in cells cultured in Gal, and this may alter cellular sensitivity 

to mitochondrial toxicants (Fig. MS3_1E). 

 

Fig. MS3_1: Theoretical background and experimental conditions for substituting glucose by galactose.  

A) Structural representations of the two hexose C4-epimers glucose (Glc) and galactose (Gal). Both, the open chain 

(aldehyde) and the cyclized (pyranose hemiacetal) forms differ in the position of their C4 hydroxyl group. B) Meta-

bolic pathways for the catabolism of both sugars. While Glc becomes directly phosphorylated by hexokinase (HK) 

to glucose-6-phosphate (G6P), Gal is metabolized through the Leloir pathway to G6P. The Gal metabolism starts 

with the phosphorylation of Gal to galactose-1-phosphate (Gal1P) by galactokinase (GALK). In the next step, Gal1P 

reacts with UDP-glucose to G6P plus UDP-galactose, catalyzed by galactose-1-phosphate uridylyltransferase 
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(GALT). The UDP-galactose is recycled back, without energy expenditure, to UDP-glucose by UDP-glucose 4-

epimerase (UDP-GALE). The generation of G6P via either pathway requires energy substrates equivalent to one 

ATP. The downstream reactions leading from to G6P to pyruvate (Pyr) are formally identical for Glc and Gal. How-

ever, it has been shown for various cell types that overall glycolysis proceeds faster than galactolysis, and that the 

surplus NADH generated from Glc is preferentially reacting with Pyr to form lactate (Lac). The NADH formed during 

galactolysis appears to be preferentially used for cellular biosynthesis or for full oxidation within mitochondria. C) 

Differentiation scheme of LUHMES cells cultured for the Glc-Gal-NeuriTox assay. LUHMES cells are kept prolifer-

ating in bFGF-containing proliferation medium with 18 mM Glc. Differentiation was initiated by placing the cells in 

differentiation medium with either 18 mM Glc (standard Glc setup) or 18 mM Gal (Galactose setup). On d2 of 

differentiation, cells were detached and replated in medium with the same sugar as before. GDNF and cAMP were 

added to the differentiation medium from d0 to d2, but not for d2 to d3. One hour after replating, the cells were 

treated with toxicants. After 24 h, the cells were analyzed for neurite outgrowth and viability by automated high 

content imaging. D&E) Visualization of the different pathway usage assumed to occur in cells cultured with Glc (D) 

vs Gal (E). Hexoses can be metabolized to Pyr with the primary objective to enter Pyr as well as the excess NADH 

into the mitochondria to generate ATP via the mitochondrial respiratory chain (MRC) activity. Alternatively, sugars 

may be converted to other cellular metabolites, such as serine (Ser) and lactate, without ever entering the mito-

chondria. In this case, all/most ATP required by the cells would need to be generated by a high glycolytic flux. (D) 

It is assumed that cells grown in Glc predominantly use the second variant of metabolism. The citric acid cycle 

(TCA) would be used only to a minor extent. (E) Cells cultured in Gal are assumed to use galactolysis to a small 

extent to generate Lac, ATP, and other metabolites. The predominant fate of Pyr would be to feed the TCA to 

generate ATP + CO2. The excess NADH (not used for Lac synthesis) would be channeled to the mitochondria as 

further fuel for the MRC for the generation of ATP. An increased flux of NADH to mitochondria via the malate/as-

partate shuttle would be facilitated by the generation of oxaloacetate (OA) from Pyr.  

To assure that the expected metabolic changes did not alter the overall phenotype, cells cul-

tured in Glc vs Gal were characterized extensively on a morphological and functional level. 

Major cytoskeletal structures were chosen to characterize cellular morphology and neurite 

growth qualitatively. No obvious differences were observed for LUHMES cells cultured for 72 

h in Glc or Gal (Fig. MS3_2A). To obtain fully quantitative data, the outgrowth of neurites, on 

d2 (before re-seeding) and d3 (24 h after re-seeding, regular NeuriTox assay endpoint) of cells 

differentiated in Glc or Gal, was measured. No statistically significant difference between the 

parallel replicates was found (Fig. MS3_2B). We also evaluated whether the cells adapted 

their metabolism as expected. Gal cells contained/produced more intracellular aspartate (even 

to a degree to export it (Fig. MS3_S2), which would support the Mal/Asp shuttle. They also 

contained less serine, a typical spin-off metabolite from glycolysis. These changes were in 

accordance with a shift from a glycolytic to a mitochondrial metabolism (Fig. MS3_2C), possi-

bly supported by a use of extracellular Ser from the medium for biosynthetic purposes or gly-

colysis (Fig. MS3_S2). 

It was important to verify that the two different metabolic situations both allowed LUHMES cells 

sufficient ATP production. We found that both cultures had the same intracellular ATP levels 

(Fig. MS3_2). To get a more direct measure of differential mitochondrial activity, we measured 

cellular oxygen consumption rates (indicating mitochondrial activity). As a measure of glyco-

lytic activity, extracellular acidification rates (indicating mainly lactate secretion) were quanti-

fied. As expected, the basal respiration was doubled in Gal cells compared to normal Glc cells. 

Notably, the maximally possible mitochondrial respiration was not significantly affected by the 

Glc-Gal exchange. The Gal cells exploited their available respiratory chain function to a higher 
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extent, and had accordingly a much lower mitochondrial spare respiratory capacity (Fig. 

MS3_2E). 

 

Fig. MS3_2: Comparison of basic morphological and metabolic features of cells cultured in glucose vs galactose 

A) Differentiated (d3) LUHMES cells cultured for 72 h in either glucose or galactose containing medium showed no 

morphological differences as assessed by staining of nuclei (H-33342) neuronal β-III-tubulin (Tuj1-antibody) and 

actin (fluorescent phalloidin). Representative images, image width 625 µm in upper row and 185 µm in lower row. 

B) The neurite area per life cell was compared for Gal cells vs Glc cells on d2 (directly before trypsinization), or on 

d3 (24 h after trypsinization and replating). Differences were tested for statistical significance by two-way ANOVA 

(sugar x time), followed by Tukey’s post-hoc test. Each point represents one biological replicate, n.s.: not significant. 

C) The intracellular contents of the amino acids L-aspartate (Asp) and L-serine (Ser) were measured in Glc and Gal 

cells. They were normalized to cell count, and then the ratio of the conditions was calculated. Upward bars indicate 
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that the respective metabolite was more abundant in Gal cells. Differences in absolute intracellular amino concen-

trations were tested for statistical significance by two-way ANOVA (sugar x amino acid), followed by Sidak’s post-

hoc test. Each point represents one biological replicate, *: p<0.05. D) Intracellular ATP was determined in Gal cells 

and compared to Glc cells, either on d2 (before trypsinization), or on d3 (24 h after trypsinization and replating). 

Data were normalized to the respective cell numbers. Differences were tested for statistical significance by two-way 

ANOVA (sugar x time), followed by Tukey’s post-hoc test. Each point represents one biological replicate, n.s.: not 

significant. E) The oxygen consumption rate, a measure for mitochondrial activity, was determined for d3 Glc and 

Gal cells. Basal respiration was assessed in untreated cells, maximal respiration was assessed as described in 

methods. The respiratory reserve capacity was calculated as difference between maximal and basal respiration. 

Differences were tested for statistical significance by unpaired multiple t-testing, followed by Sidak-Bonferroni mul-

tiple testing correction. Each point represents one biological replicate, *: p< 0.05. F) Extracellular acidification, a 

measure for glycolytic activity, was determined for d3 Glc and Gal cells. Basal acidification was assessed in un-

treated cells, maximal respiration as detailed in methods. Differences were tested for statistical significance by 

unpaired multiple t-testing, followed by Sidak-Bonferroni multiple testing correction. Each point represents one bio-

logical replicate, *: p< 0.05. G) Lactate secretion by Glc and Gal cells was assessed enzymatically and normalized 

to cell count. Differences were tested for statistical significance by an unpaired, two-tailed t-test, each point repre-

sents one biological replicate,*: p< 0.05. 

Vice versa, the basal glycolytic rate of Gal cells was only about 50% of that found under Glc 

conditions. We also tested in how far glycolysis could be further accelerated under conditions 

of maximum demand. In Glc cells, this situation was simulated by inhibition of all residual mi-

tochondrial ATP generation (block by oligomycin). The cells only slightly (<25%) increased 

ECAR under this condition, suggesting that glycolysis was already running maximally. In Gal 

cells, a maximum pull of Pyr to mitochondria was generated by uncoupling (FCCP). This also 

did not increase ECAR largely (<25%) and it indicated that Gal cells fully used the maximal 

glycolytic flux possible under the respective Gal supply (Fig. MS3_2F). Finally, the differences 

in Lac secretion were assessed directly by measurement of extracellular levels of lactic acid 

over time. The lactate secretion rate of Gal cells was only 14% of that measured in Glc cells 

(Fig. MS3_2G). 

6.3.6.2. Increased sensitivity of Gal neurons for toxicity of the complex I inhibitor 

rotenone 

In order to test whether the metabolic shift (Glc-Gal) affected the toxicity of mitochondrial in-

hibitors, the well-established complex I (cI) blocker rotenone was used. Concentration-re-

sponse data for cell viability were obtained and the Glc-Gal exchange resulted in a drastic shift 

in sensitivity of neurons to rotenone of about three orders of magnitude (Fig. MS3_3A). Other 

parameters of cellular function were even more dramatically affected by the sugar exchange. 

Intracellular ATP levels decreased to 50% of control at 5 nM (Gal) and at 30 µM (Glc), i.e. with 

a 6000-fold shift (Fig. MS3_3B). Neurite outgrowth (neurite area) also showed also a massive 

shift between Glc and Gal and was in both cases affected at lower concentrations than viability 

(Fig. MS3_3C). As additional functional parameter, we measured proteasomal activity. In neu-

rons, this cellular function is impaired when mitochondria are dysfunctional and ATP levels 

drop (Gutbier et al. 2018b; Terron et al. 2018). We found here that proteasome activity was 

indeed affected in a similar way as ATP levels, with an about 1000-fold offset between Glc and 

Gal cells (Fig. MS3_3D). In order to separate non-specific toxicants from specific neuro-toxi-

cants in the NeuriTox test, the ratio of concentrations affecting neurite outgrowth and viability 
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(e.g. EC25(V)/EC25(NA)) is calculated. If the ratio is ≥4, the toxicant is considered to be a spe-

cific neurotoxicant (Delp et al. 2018b; Krug et al. 2013a). Under Glc and Gal conditions, rote-

none exceeded that threshold strongly (Fig. MS3_3A). The data obtained with rotenone sug-

gest that the Glc-Gal assay can be transferred to LUHMES neurons on order to detect 

mitotoxicants more sensitively, and to better separate specific neurofunctional effects from 

plain cytotoxicity.  

 

Fig. MS3_3: Increased sensitivity of neurons for toxicity of the complex I inhibitor rotenone 

LUHMES cells were differentiated for 48 h in either glucose (Glc, brown) or galactose (Gal, green) containing me-

dium. After replating, the cells were treated with increasing concentrations of the mitochondrial respiratory chain 

(MRC) complex I (cI) inhibitor rotenone for 24 h, in the same medium. A) The cell viability was assessed by cal-

cein/H-33342 staining. The relative number of live cells (amongst all cells) is indicated. The red arrow indicates the 

left-shift (offset) of the EC50, caused by a switch from Glc to Gal in the assay medium. B)-D) Different parameters 

of cellular function were assessed in the same experiment in parallel plates. Vertical lines were included for easier 

visual comparison. They indicate the concentration of rotenone that reduced ATP levels by 50%. The curves were 

fitted through the data points derived from five independent experiments. As the concentration spacing was not the 
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same for all experiments, the data points shown are averages from 1-5 of these experiments. Different N numbers 

for the data points were considered in the fitting procedure. Differences of rotenone exposed cells vs control were 

tested for statistical significance by one-way ANOVA, followed by Dunnett’s post-hoc test. The colored horizontal 

lines indicate the range of conditions that showed statistically significant effects, *: p< 0.05. 

 

Fig. MS3_4: Effect of a Glc-Gal exchange on neurotoxicity of diverse complex I inhibitors 

A diverse set of mitochondrial respiratory chain (MRC) complex I (cI) inhibitors was tested for neurotoxicity hazard. 

LUHMES cells were pre-differentiated for 48 h in either glucose (brown) or galactose (green) containing medium 

and replated on d2. One hour later, the cells were treated with the indicated concentrations of the toxicants for 24 

h. A) Chemical structure of rotenone and the ratio of EC25(viability)/EC25(neurite area), i.e. the index for selective 

neurotoxicity (vs unspecific cytotoxicity) in either Glc or Gal medium. B-F) For each compound, the upper graph 

compares the relative amount of live cells (general viability) for Glc and Gal medium; the lower graph gives the 

respective data for neurite outgrowth (quantified as neurite area on d3) from the same plates. In between, the 

neurite specificity ratios are indicated. EC25 values were calculated from a 4-parameter Hill function. A measure for 
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EC25 uncertainty was not obtained. The curves were fitted through the data points derived from 3-5 independent 

experiments. As the concentration spacing was adjusted between the experiments, individual data points are from 

1-5 replicates.  

6.3.6.3. Effect of a Glc-Gal exchange on neurotoxicity of diverse complex I inhibitors 

To further evaluate the assay for its sensitivity to mitochondrial toxicants, a broader panel of cI 

inhibitors was tested. We determined for all compounds the EC25 for inhibition of neurite out-

growth (EC25(NA)) and for general cell viability (EC25(V)). From these data we determined the 

ratio of EC25(V)/EC25(NA) as measure for specific neurotoxicity. In addition, we visualized for 

each parameter (V, NA) the shift due to the Glc-Gal exchange. For the five additional inhibitors 

tested (deguelin, fenazaquin, fenpyroximate, MPP+ and pyrimidifen), Gal cells were always 

much more sensitive for neurite damage than Glc cells (Fig. MS3_4B-F). The same was ob-

served for viability, with exception of MPP+. The cells were not killed by the compound. It was 

shown earlier that immature LUHMES (d0) are resistant to MPP+ (Efremova et al. 2015; 

Schildknecht et al. 2009), while the system became extremely sensitive after d5 (Krug et al. 

2014; Pöltl et al. 2012). The cells upregulate the dopamine transporter (DAT), which is required 

for MPP+ toxicity, at d2-3 (Scholz et al. 2011) and the amount of toxicant entry may not be 

sufficient to kill, but only to affect the more sensitive neurites. For all five compounds, Gal also 

increased the EC25(V/NA) ratio compared to the standard NeuriTox assay in Glc. Thus, the 

encouraging results obtained for rotenone were fully confirmed by the data from other cI inhib-

itors. 

6.3.6.4. Effect of a Glc-Gal exchange on neurotoxicity of diverse complex II-V inhibitors, 

uncouplers and non-mitochondrial toxicants 

Since mitotoxicants might not only affect cI, a set of cII, cIII, cIV and cV inhibitors, as well as 

uncouplers and non-mitochondrial toxicants was investigated. For cIII inhibitors (antimycin A, 

fenamidone, picoxystrobin and pyraclostrobin), the Glc-Gal exchange resulted in the same 

shift of sensitivity as observed with cI inhibitors (Fig. MS3_5A-D), and the EC25(V/NA) ratio 

increased. Under these conditions (Gal) cIII inhibitors were specific neurotoxicants with the 

sensitivity of neurites being ≥4 higher than the overall viability. 

For few cII inhibitors (carboxine and thifluzamide), Gal increased the sensitivity and neurite 

specificity, but the offset effects were less drastic. In the presence of Gal, two cII inhibitors 

became neurite-specific (ratio ≥4) (Fig. MS3_5E&F). The inhibitor atpenin A5 showed a high 

specificity in Glc and Gal conditions, but was not more potent in the presence of Gal, and 

flutolanil was neither enhanced, nor specific at any condition (not shown). 

The two investigated cIV inhibitors azide and cyanide also displayed a higher toxicity, if the 

cells were cultured in Gal conditions (Fig. MS3_5G&H). For azide the EC25(V/NA) ratio was 

increased to 22, while cyanide was at best borderline neurotoxic under Gal conditions (ratio 

3.4). 

The cV inhibitors also showed a heterogeneous response pattern: Gal cells were more sensi-

tive to 1-octylguanidin and oligomycin than Glc cells, but sensitivity of general cell viability 
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increased stronger then the sensitivity of the neurite outgrowth (Fig. MS3_6A&B). A similar 

pattern was observed for the two uncoupling substances 2,4-dinitrophenol and FCCP (Fig. 

MS3_6C&D). The activity of cV and the associated tightness of the inner mitochondrial mem-

brane for protons are vital for proper mitochondrial function, but they are not part of the electron 

transfer process of the MRC. Our results suggest that the core parts of the MRC (cI, cIII, (cIV)) 

are more affected by Glc-Gal exchange than other mitochondrial functions. Complex II takes 

a special role, as it belongs to the classical MRC, but is for many metabolic situations rather a 

minor side entry. Besides the MRC function, it takes its major role as succinate dehydrogenase 

in the citric acid cycle.  

To test the argument that the Glc-Gal-shift specifically affects inhibitors of the MRC, we also 

tested toxicants with non-mitochondrial mode of action. As exemplary toxicants, a proteasome 

and a Rho kinase pathway inhibitor (bortezomib and narciclasine) were selected and tested. 

For both substances, the Glc and Gal concentration-response curves were similar (neurite 

outgrowth as well as viability) (Fig. MS3_6E&F). For bortezomib, which is not a central nervous 

system neurotoxicant, the low EC25(V/NA) ratio was not significantly affected by Gal. Narci-

clasine is a specific neurotoxicant (Delp et al. 2018b; Krug et al. 2013a), with a large 

EC25(V/NA) ratio. This was confirmed in the Gal condition.  

The results indicate, that the Glc-Gal assay can be used to screen substances in medium to 

high throughput for potential neurotoxicity and for a liability to affect the MRC. A single operator 

can handle 20-30 compounds per week to produce concentration-response data. This equals 

400-600 data points, assessed in technical triplicates. 
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Fig. MS3_5: Effect of a Glc-Gal exchange on neurotoxicity of diverse complex II, III and IV inhibitors 

A diverse set of mitochondrial respiratory chain (MRC) complex II-IV (cII, cIII, cIV) inhibitors was tested for neuro-

toxicity hazard. LUHMES cells were pre-differentiated for 48 h in either glucose (brown) or galactose (green) con-

taining medium and replated on d2. One hour later, the cells were treated with the indicated concentrations of the 

toxicants for 24 h. For each compound, the upper graph compares the relative amount of live cells (general viability) 

for Glc and Gal medium; the lower graph gives the respective data for neurite outgrowth (quantified as neurite area 

on d3) from the same plates. In between, the neurite specificity ratios are indicated. A-D) described cIII inhibitors, 

E&F) described cII inhibitors, G&H) described cIV inhibitors. EC25 values were calculated from a 4-parameter Hill 

function. A measure for EC25 uncertainty was not obtained. The curves were fitted through the data points derived 

from 3-5 independent experiments. As the concentration spacing was different between the experiments, the data 

point shown are averages from one 1-5 experiments.  
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Fig. MS3_6: Effect of a Glc-Gal exchange on neurotoxicity of other inhibitors (complex V, uncouplers and non-

mitochondrial) 

A diverse set of mitochondrial respiratory chain (MRC) complex V (cV) inhibitors, as well as uncoupling substances 

and non-mitochondrial toxicants was tested for their neurotoxicity hazard. LUHMES cells were pre-differentiated for 

48 h in either glucose (brown) or galactose (green) containing medium and replated on d2. One hour later, the cells 

were treated with the indicated concentrations of the toxicants for 24 h. For each compound, the upper graph com-

pares the relative amount of live cells (general viability) for Glc and Gal medium; the lower graph gives the respec-

tive data for neurite outgrowth (quantified as neurite area on d3) from the same plates. In between, the neurite 

specificity ratios are indicated. A&B) described uncouplers, C&D) described uncouplers, E&F) non-mitochondrial 

toxicants. EC25 values were calculated from a 4-parameter Hill function. A measure for EC25 uncertainty was not 

obtained. The curves were fitted through the data points derived from 3 independent experiments. As the concen-

tration spacing was adjusted between the experiments, individual data points are from 2-3 replicates. 
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Since the LUHMES-based Glc-Gal assay is to our knowledge the first shift assay for neuronal 

cells, we were interested whether it may be transferred to other neuronal cultures. We chose 

SH-SY5Y cells, the most frequently used human neuronal cell line in in vitro toxicology as 

alternative test system. The cells were differentiated for five days in Glc medium and then 

either kept in Glc until the end of the assay, or they were changed to Gal medium, and allowed 

to adapt metabolically for 24 h. Subsequently, Glc and Gal cells were treated for 24 h with 

toxicants (from d6 to d7) and thereafter cell viability was measured (Fig. MS3_S3A). Three cI 

(rotenone, deguelin, tebufenpyrad) and two cIII inhibitors (antimycin A and pyraclostrobin) 

were investigated at a pre-determined concentration (10 µM) for their increase in toxicity in Glc 

vs Gal. These five substances were nontoxic (viability reduction by <5%) in Glc conditions, due 

to the relatively high tolerance of the neuroblastoma cells to the neurotoxicants (Tong et al. 

2017b). The exchange to Gal as main sugar source in the medium, resulted in a significant 

increases in toxicity, i.e. viability was reduced by 15-35% of control (Fig. MS3_S3B). These 

preliminary data suggest that the Glc-Gal-shift assay could be transferred to other neuronal 

test systems. However, it has to be mentioned that LUHMES cells tolerated the Gal conditions 

much better than the SH-SY5Y cells. LUHMES cells could easily be kept in Gal medium for 

more than 9 days without any increase in cell death compared to Glc conditions (not shown), 

whereas SH-SY5Y cells poorly tolerated culturing in Gal medium for >48 h (fragile neurites, 

altered morphology; not shown). 

This difference in human cell lines could be due to different expression patterns of transporters 

and enzymes required for Gal metabolism. Alternatively, cells may differ in their ability to in-

crease mitochondrial metabolism in the TCA or MRC, as e.g. the malate/aspartate shuttle may 

have different limitations. Under sub-optimal metabolic conditions, cells would perceive Gal 

not as alternative energy substrate, but as starvation medium. We conclude that the setup of 

the Glc-Gal shift assay in other neuronal cells will require careful examination of their metabolic 

suitability, and fine-tuning of the exposure scheme may be necessary to allow clear and robust 

results.  

6.3.6.5. Confirmation of the mode of action (MoA) of test substances by direct 

assessment of mitochondrial respiratory chain (MRC) inhibition 

The Glc-Gal NeuriTox assay obviously detected some compounds as potential MRC inhibitors 

(strong Glc-Gal shift), but a secondary assay with an independent endpoint would be desirable 

for confirmation of hits, and for exclusion of false-positives. Therefore, we used LUHMES cells 

to implement tests for inhibition of selected mitochondrial targets (Salabei et al. 2014). As a 

rational for these tests, following background information is important: (i) eukaryotic cell mem-

branes can be selectively permeabilized (e.g. with digitonin) to deliver respiratory substrates 

to the mitochondria, without adversely affecting MRC function; (ii) selective substrates for each 

of the MRC complexes I-IV are available; (iii) if a more terminal MRC complex (cIII or cIV) of 

the MRC is directly fed electrons, the respective upstream complexes are not required for ox-

ygen consumption; (iv) tool compounds inhibiting cI-IV are available and can be used serially 

to analyze different mitochondrial functions within one experiment (Fig. MS3_7A).  
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Fig. MS3_7: Confirmation of the mode of action (MoA) of test substances by direct assessment of mitochondrial 

respiratory chain (MRC) inhibition 

For the assay, cells and their outer mitochondrial membranes (but not the inner mitochondrial membrane) were 

permeabilized. They were otherwise left intact in the culture dishes. Their oxygen consumption rate (OCR) was 

measured in the presence of specific substrates and respiration modifiers. A) Schematic representation of a mito-

chondrion within a permeabilized cell. The specific substrates (electron donors) for individual respiratory chain com-

plexes are indicated in green. The complex-specific inhibitors are indicated in red. Individual MRC complexes are 

displayed as pink barrels. Normally, electrons are fed from NADH into the MRC via cI. They are then transported 

via ubiquinone/coenzyme Q (Q) to cIII and further on via cytochrome c (Cyt c) to cIV, which transfers them to the 
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final electron acceptor oxygen (O2). The electrons from FADH2 are fed into the MRC via cII, which also transfers 

them via Q to cIII. The transport of electrons is coupled to pumping of protons over the inner mitochondria mem-

brane. This proton gradient drives cV, the mitochondrial ATP synthase. FCCP can be used as a tool compound to 

uncouple the mitochondrial membrane, i.e. to allow a proton flux to the mitochondrial matrix that bypasses cV, and 

thus does not contribute to ATP generation. B) Workflow and rationale to screen for inhibitory effects of toxicants 

on individual MRC complexes, using the Agilent Seahorse XF analyzer for quantification of the OCR. Cells were 

permeabilized manually before they were placed into the Seahorse analyzer. Then the basal OCR was assessed, 

and used for internal normalization (cell number/activity correction) between the wells. Then, the potential toxicant 

was injected and one of two screen programs (denominated here tier1/ tier2) was run. In tier 1, first cI activity was 

assessed. Subsequently, cI was inhibited and a selective substrate of cII was added (cII feeding). Further on, cII 

was inhibited and a selective substrate of cIII was added (cIII feeding). In tier 2, the complex IV activity was as-

sessed. For this, cI and cIII were inhibited and cIV was fed. All toxicant data were compared to solvent control 

(DMSO) and were, after normalization, analyzed applying the decision model depicted in D). C) Exemplary data 

sets for six well-established tool compounds to demonstrate the typical assay performance. White bars indicate 

non-significant effects on the respective complex. Black bars indicate the main inhibited complex; grey bars indicate 

that the respiration via the respective complex was significantly reduced, but this effect was assumed to be sec-

ondary/indirect due to the sequential assay conditions shown in B. The light grey area indicates the non-significant 

range of the assay, and was defined by 2x SD of the baseline variation. The error bars for the complex inhibition by 

the compounds are the SEM of ≥3 independent replicates (NPA: 3-nitropropionic acid). D) Decision model translat-

ing the results of the screen (blue boxes) as described in B) into a compound classification (green hexagons). Note 

that the experimental scheme (sequence of measurements) differs from the data evaluation scheme! The latter 

decision tree starts with the evaluation of cIV data. If cIV-mediated respiration was impaired (measured in tier 2), 

the substance was classified as cIV inhibitor. If not, data on cIII-mediated respiration were used. If they showed cIII 

to be impaired, then additional data on the effect of FCCP were required. If FCCP increased the cIII-mediated 

respiration, the test substance was classified as cV inhibitor, while it was classified to be a cIII inhibitor, if cIII-

mediated OCR was not affected by FCCP addition. Note that the variant of tier 1 ±FCCP is not shown in B) for 

clarity reasons. If cIII-mediated respiration was not affected, data on cII- and cI-mediated respiration were used. If 

data indicated that cII-mediated respiration was reduced, the compound was classified as cII inhibitor. If cI-mediated 

respiration was increased by the toxicant, it was classified as an uncoupler; if it was decreased, the toxicant was 

classified as cI inhibitor. If neither cI nor cII activity was affected (and also not cIII and IV, as determined earlier), 

the substance was classified as “no MRC inhibitor”.  

Based on these conditions, a two-tiered screening approach was developed to identify the 

mitochondrial target complex for potential neurotoxicants. In the first tier, complex I-III activity 

was assessed. In brief, specific cI substrates were used to assess cI activity. Subsequently, cI 

was inhibited and cII substrates were injected. Then cII was blocked and selective substrates 

were injected to probe the activity of cIII. In the second tier, cIV was assessed by inhibition of 

cI and cIII and injection of a cIV substrate (Fig. MS3_7B).  

Exemplary data on MRC complex activity of mitochondria treated with highly specific tool com-

pounds indicate the good performance of this test strategy (Fig. MS3_7C). Complex I (rote-

none) and cII inhibitors (3-nitropropionic acid) reduced selectively cI and cII activity, while the 

other complexes were not affected. The cIII inhibitor antimycin A did not affect complex IV 

activity, and caused a strong cIII inhibition. However, block of the electron flow at cIII lead to 

an apparent inhibition of cI and cII, since substrates feeding into these complexes could not 

deliver their electrons to cIV, and thus they did not promote oxygen consumption (Fig. 

MS3_S4). The same was observed for the cIV inhibitor azide, which lead to an apparent cI-III 

inhibition. These inhibition patterns, due to the use of OCR as common endpoint for all MRC 

activity assays, was taken into account for the data evaluation algorithm (Fig. MS3_7D). For 
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the cV inhibitor oligomycin, which causes an accumulation of protons in the intermembrane 

space, an apparent inhibition of cI-IV was observed. Inhibition of cI activity was strongest, since 

electrons fed into the MRC via cI cause most protons being pumped across the inner mito-

chondrial membrane (5 protons per electron, or 20 protons per O2 finally consumed). Electrons 

fed into the MRC via cII or cIII cause the translocation of 12 protons per O2 finally consumed, 

while an electron fed into the MRC via cIV causes the translocation of only one proton (4 

electrons per O2 consumed). Therefore the proton-gradient based resistance decreased with 

proximity to cIV. The uncoupler FCCP did not affect OCR driven by substrates of cII-IV. How-

ever, it increased apparent cI activity relative to control. By uncoupling the mitochondrial mem-

brane, the proton gradient physiologically established to allow cV activity (ATP synthesis) was 

removed. Thus, cI worked against less resistance when pumping protons across the mitochon-

drial membrane.  

The knowledge about the serial connection of the individual MRC complexes and the typical 

inhibition-patterns of tool compounds lead to the development of a decision model that trans-

lates the assay data into a MoA classification (Fig. MS3_7D). Note that the classification model 

uses the data in a different order than the electron flow through the MRC. This is due to the 

necessity to take upstream/indirect effects into account.  

This screening and decision strategy was applied for 25 compounds to investigate their pro-

posed MoA (Fig. MS3_S5). For all described and tested cI inhibitors (7), a selective cI inhibition 

was confirmed. For 4 of 5 cII inhibitors, a selective cII inhibition was confirmed. Mepronil rather 

behaved like a mixed/cIII inhibitor and the discrepancy with the original literature needs to be 

clarified (FRAC 2011; Mitani et al. 2001; Zhang et al. 2009). Antimycin A and three strobins 

were confirmed as cIII inhibitors, while cyazofamid rather displayed the pattern of an uncou-

pling substance. Again, differences to the original literature (Dreinert et al. 2018; FRAC 2011; 

Li et al. 2014) may be due to technical issues, or have a biological basis, as the reference data 

were obtained with subcellular fractions and/or non-human species. Such model dependence 

has been observed earlier for e.g. thiazolidinediones and statins, which either inhibit several 

mitochondrial complexes or/and uncouple the respiratory chain (Nadanaciva et al. 2007). 

Moreover, uncouplers like FCCP are known to lead to MRC inhibition when used at too high 

concentrations (Senkowski et al. 2015). 

Substances not described as MRC inhibitors (e.g. colchicine or carbaryl) were clearly classified 

as such (non-MRC inhibitors). Interestingly, one substance (dhmtAc, ID#14) identified earlier 

by us as chemotherapeutic with potential neurotoxic side effects (de Souza-Fagundes et al. 

2018), was found to cause a mixed cI/cIII inhibition, and thus to act as typical mitotoxic neuro-

toxicant. 

6.3.6.6. Enhanced detection of neurotoxicants by the Glc-Gal shift NeuriTox assay 

In order to determine the assay performance of the Glc-Gal shift assay, the training set was 

expanded to a total of n=53 (adjust) substances. They represented different types of mitochon-

drial and non-mitochondrial toxicant classes (Fig. MS3_8A, Fig. MS3_S1). While specific cIV 

inhibitors were hard to find, many compounds have been described earlier to block cI and cIII. 
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Several of these have been optimized for pesticide use (Becker et al. 1981; FRAC 2011; 

Lümmen 1998; Nauen and Bretschneider 2002; Sherer et al. 2007). Our classification of these 

compound is based on their original description or review literature on this. In this context it is 

important to note that the uncertainties of classification differ from toxicant to toxicant. Sub-

stances like rotenone have a high specificity and have been used and confirmed in dozens of 

studies, while descriptions of other compounds may date back many decades, and data on the 

specificity of a mode of action (as opposed to other ones) is hard to determine. In a synoptic 

overview, the literature-based classification was displayed together with information on con-

firmed mechanisms in the MRC complex assay for a subset of compounds (Fig. MS3_8B). 

To identify the substances to which cells were more sensitive in the Gal conditions, the 

EC25(NA)[Glc/Gal] ratio was calculated and color-coded. Further on, as measure for specific 

neurotoxicity, the EC25(V/NA) ratio was calculated for both, the Glc and Gal conditions. For 

many of the tested cI-cIV inhibitors, the specificity ratio increased in Gal medium. For uncou-

plers and non-mitochondrial toxicants of all modes of action (e.g. cytoskeleton interfering, pro-

teasome inhibitors, endoplasmic reticulum stressors, and DNA damaging agents), the ratios 

were hardly affected (Fig. MS3_8B&C). 

Assessing the Glc vs Gal offset in more detail, it gets obvious that Gal cells had clearly in-

creased sensitivities to all tested cI inhibitors (median offset of 450) and clearly no increased 

sensitivity to all tested non-mitochondrial toxicants (median offset of 1.0) (Fig. MS3_8D). In-

hibitors for cIII and cIV had median offset ratios of 17 and 8.1, while other toxicants showed 

largely similar effects in Glc and Gal medium.  

A clear alert for neurotoxicity was also given for valinomycin and salinomycin. Both compounds 

are described to be selective potassium ionophores (Daniele and Holian 1976; Furlong et al. 

1998; Mitani et al. 1975; Naujokat et al. 2010). This provides a plausible MoA: under physio-

logical conditions, the proton motive force (Δp, Gibb’s free energy) across the inner mitochon-

drial membrane, is due to: (i) the concentration gradient of H+ (ΔpH) and (ii) the mitochondrial 

membrane potential (ΔΨ). A free potassium transport across the mitochondrial membranes 

(caused by valinomycin) eliminates ΔΨ, while ΔpH is not affected directly. Thus, potassium 

ionophores decrease Δp, but do not completely eliminate it (different from classical uncou-

plers). Since respiration of intact cells was increased after valinomycin treatment (not shown), 

these two compounds were classified as uncouplers, although their MoA differs from classic 

H+ ionophore-uncouplers. The specificity ratio was increased for valinomycin and salinomycin 

in Gal medium, confirming the neurotoxicity of these compounds. Sensitivity of the cells to the 

proton ionophores CCCP and FCCP, which both rescind, the proton (ΔpH) and charge (ΔΨ) 

gradients, was slightly increased in Gal conditions. However, the EC25(V/NA) ratio was de-

creased for both uncouplers from ≥4 in Glc to <4 in Gal. The comprehensive understanding of 

potential organ (CNS)-specific toxicities of such compounds will require further studies. 

Among the tested cIII inhibitors, hydramethylnon was the only one, for which no sensitivity 

offset between Glc and Gal conditions was observed. Moreover, its EC25(V/NA) ratio was the 

lowest of all measured cIII inhibitors. Viability and neurite outgrowth curves were overlapping 
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and extremely steep, which made it technically difficult to quantify small changes robustly, and 

other (non-mitochondrial) MoA cannot be excluded for this compound. 

 

Fig. MS3_8: Synoptic overview of tested substances and their enhancement of neurotoxicity by a Glc-Gal shift 

A) Overview of all tested substances (n=53) [adjust] in the Glc-Gal-NeuriTox assay, grouped according to their 

assumed mode of action (MoA). B) Detailed tabular overview about the tested substances, their toxic potency and 

their selective neurotoxicity data (ratios of concentrations that impaired neurite outgrowth and viability) in Glc vs Gal 

media. The column with the ratio of EC25(NA) [Glc/Gal] informs about the increase in sensitivity when the cells were 

cultured in galactose. In this column, cells were marked red if the ratio was <1.5 (no enhancement by Gal), yellow 

if it was between 1.5, and 3 and green, if it was >3 (strong toxicity enhancement by Gal). The two columns to the 

right indicate the ratio between the concentrations that caused specific neurite outgrowth inhibition (NA) and un-

specific cell death (V). The cells in this columns were colored blue, if the ratio was ≥4. Such compounds were 

considered to be specific neurotoxicants. Small superscripts on the compound names indicated results from our 

mitochondrial complex activity profiling; cI-cIV indicate a classification as inhibitor of cI-V, u indicates uncoupling, 

m indicates a mixed impairment of the MRC, o indicates that the substance did not interfere with cI-V activity. 
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Cyazofamid was not included in this analysis since it was insoluble in the active concentration range. C) Enhance-

ment in neurotoxicity (=impairment of neurite outgrowth; NA) in Glc (brown) vs Gal (green) cells is displayed for all 

test compounds, subdivided by their assumed mode of action. The black lines indicate an enhanced neurotoxicity 

under Gal conditions if they are angled upwards. D) The data from C are indicated as ratio of Glc (brown) / Gal 

(green) data points, i.e. the enhancement by Gal vs Glc is directly visualized. The red horizontal lines indicate the 

median enhancement within the group of compounds, e.g. about 450-fold for the group of cI inhibitors. Median 

values for cII-V inhibitors, uncoupling and non-mitochondrial toxicants are 1.6, 17, 8.1, 6.5, 1.5, 1.0, respectively. 

MTPB: Methyltriphenylphosphonium bromide. 
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6.3.7. Conclusions and Outlook 

6.3.7.1. Detection and evaluation of neurotoxicity and mitotoxicity 

In this study, we evaluated the feasibility and usefulness of tuning the established NeuriTox 

assay to detect mitochondrial neuro-toxicants more sensitively. Culture in galactose-containing 

medium made LUHMES cells metabolically more reliant on mitochondrial metabolism.  

The a priori effect of Gal on toxicant sensitivity is assumed to be due to a higher dependence 

of cells on MRC function (Marroquin et al. 2007). Although our data are largely consistent with 

this, detailed mechanistic follow-up seems important for two reasons: (i) the data do not allow 

conclusions on whether ‘mitochondrial function’ refers only to ATP synthesis, or whether other 

processes, such as mitochondrial ROS generation (Indo et al. 2007) are also involved; (ii) the 

exact analysis of concentration-response curves suggests that cell function (neurite outgrowth) 

may be affected at inhibitor concentrations not affecting ATP levels. 

Besides galactose, other carbohydrates and metabolic modifiers have been used for metabolic 

reprogramming of cells. It is important to note that nearly all of them show cell type-specific 

effects, as they depend on the expression patterns of specific enzymes as well as specific 

metabolic need of the respective cells. For instance, fructose can be used to shift the cell death 

program from apoptosis to necrosis in hepatocytes, or to protect the liver from TNF toxicity in 

vivo (Latta et al. 2000). It acts by depleting cellular phosphate (and therefore ATP), similarly to 

the frequently used sugar analogue deoxyglucose (Pietzke et al. 2014b). Mannose acts on 

certain tumor cells by impairment of glycolysis and increases the cytotoxic effects of chemo-

therapy without affecting cellular ATP levels (Gonzalez et al. 2018). 

Other metabolic modifiers that drastically affect cellular apoptosis/necrosis are e.g. nitric oxide 

(Leist et al. 1999; Volbracht et al. 1999) or the amino sugar galactosamine (Gantner et al. 

1995; Leist et al. 1995). Also here, cell specificities are observed due to the metabolic machin-

ery expressed. Our study shows that LUHMES cells, at the developmental stage used for the 

NeuriTox test, ideally fulfill the requirements for a Glc-Gal-shift assay: (i) they can use Gal as 

energy substrate (and survive up to 9 days in it), and (ii) they are metabolically re-programmed 

by Gal to increase mitochondrial contribution to ATP generation. 

This allowed the more sensitive identification of neurotoxicants and mitochondrial toxicants. 

While the former are identified by a ratio of EC25(V)/EC25(NA) ≥4, the latter can be identified 

by an increased sensitivity in Gal conditions vs Glc conditions (shift in EC25(NA)). If the thresh-

old for that shift is set to two, mitochondrial toxicants are identified with a sensitivity of 89% (for 

cI-V inhibitors and non-mitochondrial toxicants; n= 39). Toxicants with a MoA that is not pri-

marily related to mitochondrial metabolism, showed no shift in sensitivity in Glc vs Gal condi-

tions. The test specificity was in this case 100% for non-mitochondrial substances. This was 

regardless of the fact whether these substances were considered to be neurotoxic (e.g. col-

chicine, narciclasine, brefeldin, albendazol) or unspecifically cytotoxic (e.g. MG-132, cisplatin). 
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A major challenge in the field of mitotoxicity remains the exact definition and mechanistic un-

derstanding of processes leading to “mitochondrial toxicity”. The Glc-Gal-shift assays as tool 

to identify neuronal MRC inhibitors has been successfully applied here for a neuronal culture. 

Although the new test has proven to be valuable already, important questions remain with 

respect to a broader characterization of diverse mitochondrial dysfunctions, e.g. triggered by 

inhibitors of fatty acid oxidation, mitochondrial DNA synthesis, the urea cycle or phospholipid- 

and steroid synthesis. 

Our finding that toxicity to cI inhibitors was extremely affected by the Glc-Gal shift, while cells 

were hardly sensitized to cII inhibitors, shows that these MRC complexes must take funda-

mentally different physiological roles and thus cause different toxicities. This deserves further 

attention, e.g. in the context of AOP development, where the key event “mitochondrial dys-

function” (Terron et al. 2018) may need to be defined in more detail. 
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6.3.8. Supplementary Material 

 

Fig. MS3_S1: Collection of information about tested chemicals 

General information (chemical name and CAS-number), physico-chemical properties (molecular weight, water sol-

ubility, hydrophobicity/portioning coefficient as logP value, and pKa values) as well as protein binding to human 

plasma were compiled. Additionally, literature data (described main mode of action), comments and references 

were collected for the chemicals used in this study. Physicochemical data for the compounds was collated from a 

number of public databases and resources (PubChem, ChEMBL, DrugBank, ChemSpider). For logP, pKa and water 

solubility, data priority was given to experimental data. If no experimental values could be found for logP, an average 

of all retrieved predicted values was used for the compound. Predicted pKa values were taken from ChEMBL if 

available, or from DrugBank if not. Predicted solubility data were taken from DrugBank or ChemSpider. Human 

protein binding values were only found for 8 of the compounds. To overcome the limited data availability the human 

protein binding was predicted for all of the compounds from chemical structure using the models described in (Toma 

et al. 2018). Predictions were made using all 3 of the described in silico models and predictions classed as reliable 

by the model criteria were compared to the observed data for the eight compounds where measured values were 

found. The best correlation between predicted and observed human fraction unbound (fu) (r2 = 0.784) was observed 

when the lowest of the predicted fu values (i.e. highest binding) from the 3 different models was considered and 

therefore the lowest predicted fu was tabulated for each compound. A detailed version of the above excerpt will be 

available separately in the supplementary materials as Excel file.  
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Fig. MS3_S2: Assessment of extracellular aspartate and serine levels 

Extracellular amino acids were determined as described in the main methods section, but with a slightly adapted 

initial sample preparation: medium samples were mixed with 10% sulfosalicylic acid in a 4:1 volumes ratio and 

centrifuged (15 min, 4 °C, 20,000 x g). The supernatant was diluted in a 1:1 volume ratio with sample dilution buffer 

and subjected to HPLC-ninhydrin analysis as described. Consumption or secretion of aspartate (Asp) and serine 

(Ser) was quantified relative to medium incubated without cells and expressed relative to cell count. Cells cultured 

in Gal medium secreted Asp, while Glc cells consumed it from the medium. Ser was consumed slightly more by Glc 

than by Gal cells. Displayed is the mean ± SEM from two replicates. 

 

Fig. MS3_S3: Transfer of the Glc-Gal exchange assay to differentiated SH-SY5Y cells and its effect on the neuro-

toxicity of complex I and complex III inhibitors 

A) SH-SY5Y cells were differentiated in Glc containing medium for five days. Then, the medium was changed to 

differentiation medium containing either Gal or Glc. After 24 h of metabolic adaptation, cells were treated for 24 h 

with toxicants. Assay readout was performed using automated high content imaging. B) To assess a potential 

increase in sensitivity of SH-SY5Y cells cultured in Gal conditions, three inhibitor of cI and two inhibitors of cIII were 

tested for their cytotoxicity at 10 µM. Differences in toxicity (Glc vs Gal) were tested for statistical significance by 

two-way ANOVA, followed by Sidak’s post-hoc test, **: p< 0.01, ***: p<0.001, data from 3 replicates. 
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Fig. MS3_S4: Exemplification of the inhibition of downstream mitochondrial respiratory chain complexes causing 

stalled electrons 

A) The mitochondrial respiratory chain consists of complexes I to IV that translocate electrons from NADH (cI) or 

FADH (cII) via cIII to cIV where they are transferred to molecular oxygen to form water. In parallel, a proton gradient 

is established across the inner mitochondrial membrane. The differences in membrane potential (ΔΨ; negative 

potential inside) and H+ concentration (ΔpH; ≈pH 8 inside) build the proton motive force (Δp) that drives cV to 

synthesize ATP. Inhibition of cIII (e.g. by antimycin A) causes a stalling of electron transfer from cI and cII to cIII, 

and leaves the upstream complexes in a highly reduced state unable to pump protons (=inactive). B) Specific as-

sessment of cIII was performed using digitonin-permeabilized cells so that mitochondria were directly accessible. 

They were fed with duroquinol, a compound able to deliver electrons directly to cIII. Duroquinol-driven oxygen 

consumption rate (OCR) was determined relative to background OCR (white bar). After treatment with 50 µM anti-

mycin A, duroquinol driven respiration was reduced by 85% (red bar). C) The same data was displayed for the 

sequential assessment of inhibition of complexes I-IV. Inhibition was calculated as: Inhibition [%] = activity of control 

[=100%] – activity treated [% of control]. As depicted in A, inhibition of cIII leads to a stalling of electrons at that 

complex, which leads in turn to an apparent inhibition of upstream complexes, fed by their specific substrates (gray 

bars).  
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Fig. MS3_S5: Investigation of the mode of action (MoA) of test substances by direct assessment of mitochondrial 

respiratory chain (MRC) inhibition 

For the assay, cells and their outer mitochondrial membranes (but not the inner mitochondrial membrane) were 

permeabilized. They were otherwise left intact in the culture dishes. Their oxygen consumption rate (OCR) was 

measured in the presence of specific substrates and respiration modifiers as indicated in Fig. MS3_7. Summary 

plots for the inhibition of electron flow from cI-IV towards oxygen are depicted for cells treated with the indicated 

compounds. Apparent effects on the complexes (direct or indirect, as explained in Fig. MS3_S4) are displayed. 
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White bars indicate non-significant effects on the respective complex. Black bars indicate the main inhibited com-

plex; grey bars indicate that the respiration via the respective complex was significantly reduced, but this effect was 

assumed to be secondary/indirect due to the sequential assay conditions shown in Fig. MS3_7B. The blue text 

indicates the classification of the test compounds at their tested concentration according to our results. If these 

were in contrast to literature data, a remark was given in red letters. The light grey area indicates the non-significant 

range of the assay, and was defined by 2x SD of the baseline variation. The error bars for the complex inhibition by 

the compounds are the SEM of ≥3 independent replicates (dhmtAc: 1-decyl-4-(hydroxymethyl)-3-methyl-1H-1,2,3-

triazol-3-ium acetate, MPP: 1-methyl-4-phenylpyridinium). 
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7. Overarching discussion 

7.1. Linking the pieces 

This thesis aimed to improve in vitro neurotoxicity assessment on a functional and mechanistic 

level. Therefore, a high-throughput neurotoxicity assay (i.e. NeuriTox test) was developed 

based on the functional endpoint of neurite outgrowth impairment of LUHMES dopaminergic 

neurons (manuscript #1). Furthermore, the underlying biological test system was mechanisti-

cally investigated and a particularly strong glycolytic metabolism was found for immature 

LUHMES cells (manuscript #2). By metabolically reprogramming the cells, an improved ver-

sion of the NeuriTox test that is specifically tuned to detect mitochondrial toxicants could be 

developed (manuscript #3). In the discussion, a universal principle for probability-based hazard 

classification is suggested for in vitro methods as developed here. It overcomes the standard 

binary classification as toxic vs. non-toxic. 

7.2. Establishment of a high-throughput assay for the detection of 

(developmental) neurotoxicants 

7.2.1. Increasing the throughput 

The objective behind the establishment of an in vitro assay that identifies neurite outgrowth 

modulators was the replacement of in vivo experiments that identify (developmental) neuro-

toxicity. Instead of modeling the apical endpoint in vitro, first key processes underlying neuro-

toxicity were identified and second, dedicated key-assays developed (Bal-Price et al. 2015a; 

Smirnova et al. 2014b). Within this framework, the NeuriTox test aimed at identifying sub-

stances that interfere with neurite outgrowth. This process is known to be fragile and integrat-

ing several homeostatic processes, as e.g. disturbed cellular signaling, cytoskeletal impair-

ments, or deficiencies in energy production can lead to altered neurite outgrowth (Krug et al. 

2013a; Stiegler et al. 2011).  

Several milestones have been reached that significantly contributed to the high-throughput 

character of the NeuriTox test: i) a standardized 96-well plate layout was developed that was 

based on the minimal needs of a robust assay performance. Therefore, the wells for the sol-

vent-control and positive control were defined first. The remaining wells were assigned for the 

test substances. A proof-of-concept study showed that also a transfer to the 384-well format 

was possible. However, the added value was overweighed by increased technical variability. 

Therefore, the 384-well format was not further pursued. ii) The assay setup was chosen in a 

way that technical replicates were performed as replicate plates. This added the benefit that 

the amount of technical replicates could be adjusted to the training status of the experimenter 

(low assay training skills usually resulted in higher technical variability) without re-adjustment 

of all other assay parameters. iii) Test substances and their dilutions were distributed over the 

plate in a multichannel-pipetting- and experimenter-friendly fashion, so that manual execution 
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of the assay was less prone to pipetting errors (Fig. 4). iv) Live cell staining was used to inter-

fere minimally with the cell system to reduce the generation of noise in the data. v) Image 

acquisition and primary data analysis was performed automated so that experimenter bias was 

prevented. vi) Data analysis (starting from the raw imaging data) was fully automated from 

microscopy raw data to the final generation of result graphs using Excel and KNIME workflows. 

Quality was assured by data-control steps integrated into the automated processing. vii) Fi-

nally, data were automatically uploaded into a machine-readable data base and connected 

with all relevant meta-data of the experiment so that the FAIR principles (findable, accessible, 

interoperable, reusable) were fulfilled (Boeckhout et al. 2018).  

 

Fig. 4: Standardized plate layout of the high-throughput version of the NeuriTox assay. In this setup, five test sub-

stances are assessed in 10 different concentrations (usually diluted 1:3, ranging from 20 µM to 01. nM). Five wells 

each were reserved for the solvent control and positive control and used to check the compliance of the predefined 

acceptance criteria. The outer wells of the 96-well plate were filled with water to prevent edge-effects. Modified from 

(Delp et al. 2018b) 

The sum of all these steps resulted in an assay setup that is capable of assessing 20 sub-

stances in an 11-point concentration-response manner within in one week in three independent 

replicates, each with 3 technical replicates, including humane working conditions. This equals 

6500 data points generated and processed. Due to its modularity, the test can be modified to 

assess e.g. more compounds in less replicates within the same time. 

7.2.2. Assuring the quality by using acceptance criteria 

Next to improving the throughput, a pivotal goal was to monitor assay quality continuously, and 

to retain it on the high level of the low-throughput setup of the NeuriTox test. Therefore ac-

ceptance criteria were defined: i) the assay data of a test plate were only eligible for down-

stream processing, if solvent control treated wells had a neurite outgrowth and viability greater 

than a pre-defined threshold. ii) Additionally, the endpoint-specific positive control treated wells 

needed to have a neurite area below a pre-defined threshold while their viability must not be 

compromised. By these two acceptance criteria, it was ensured that cells were viable and 

functional. 
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7.2.3. Evaluation of the NeuriTox test readiness for hazard assessment 

A consortium of DNT-specialists from academia and regulatory agencies, including represent-

atives of the US Environmental Protection Agency (US EPA), Joint Research Centre of the 

European Commission, Danish Environmental Protection Agency, Dutch National Institute for 

Public Health and the Environment, Organisation for Economic Co-operation and Development 

(OECD), European Food Safety Authority (EFSA), compiled a test readiness checklist which 

took the recommendations formulated in the OECD guidance document 211 and the OECD 

guidance document on Good In Vitro Method Practices (GIVIMP) (OECD 2017b; OECD 

2018a) into account and assessed the readiness level of available in vitro methods (Bal-Price 

et al. 2018a). The resulting checklist queried 62 individual topics, summarized in 13 sub-cate-

gories which were grouped into 3 phases. Phase I assessed the status of the test method 

development, phase II assessed the test method performance and phase III assessed the 

screening capability (Fig. 5). Amongst all assessed tests (N=17), the NeuriTox test received 

the best grade (A) in all three phases and therefore also in overall readiness and was rated to 

be second best of the whole panel with 56 of 58 points (Bal-Price et al. 2018a).  

 

Fig. 5: Scoring results of the test readiness assessment of the NeuriTox test resulting in grade A (best) for all three 

phases. Summarized from (Bal-Price et al. 2018a). 

One of the parameters assessed was the availability of standard operating procedures (SOP). 

For the NeuriTox test, the SOP was successfully submitted to EU Reference Laboratory on 

Alternatives to Animal Testing ECVAM database service on alternative methods to animal ex-

perimentation (EURL ECVAM DB-ALM) and underwent formal validation, a prerequisite for 

validation of the test by the European Centre for the Validation of Alternative Methods 

(ECVAM). Several more parameters are required for a successfully submission that are de-

scribed for the NeuriTox test, but lacking for (almost) all other neurite assays described in 

literature so far (Bal-Price et al. 2018a). One such requirement, next to assay acceptance cri-

teria and endpoint specific controls, is the definition of a prediction model (PM). A PM translates 

Phase Evaluated parameter Max. score NeuriTox Grade

1   Test system 10 10
2   Exposure scheme 3 3
3   Documentation/SOP 5 5
4   Main endpoints 4 4
5   Cytotoxicity 5 5
6   Test method controls 4 4
7   Data evaluation 4 4
8   Testing strategy 4 4
9   Robustness 4 3
10 Test benchmarks 4 4
11 Prediction model 4 4
12 Applicability domain 3 3

III 13 Screening hits 4 3 A
Sum 58 56 A

I

II

A

A
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the assay results (e.g. no neurites at highest non-cytotoxic concentration) into a final conclu-

sion about the compound (e.g. test substance is classified to be developmentally neurotoxic).  

The two categories in which the NeuriTox test did not score the maximal rating are in progress 

of being improved: (i) a secondary hit confirmation assay, assessing the same endpoint by a 

different method, needs to be developed. (ii) The transfer of the test (test system and exact 

methodology) to another lab (Leibniz-Institut für umweltmedizinische Forschung, Düsseldorf) 

is planned and will be executed soon. From this inter-lab comparison, the robustness of the 

resulting data can be analyzed, as the test should give the same results independent of the 

place it is performed, given the correct test method execution. 

7.2.4. Integration into a test battery 

As the NeuriTox test is considered to be ready for use to inform about (developmental) neuro-

toxicity hazards (see above), it can be integrated into and used in test batteries. In vitro test 

batteries aim at testing individual key processes affected by the test substance that would 

downstream cause the adverse effects observed in vivo(Bal-Price et al. 2015a; Fritsche et al. 

2015). In contrast to other methods, which are limited in cell availability and therefore might 

have to choose a more economic and less informative testing approach, the NeuriTox is un-

limited in respect to cell availability and therefore able to deliver full dose response data in the 

primary screening process (tiers N1 and N2, Fig. 6). Other test methods, which are limited in 

cell availability, have to choose a more economic, but less informative approach (Nyffeler et 

al. 2017a).  

 

Fig. 6: Screening procedure of a test battery for the identification of neurotoxicants. 
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The NeuriTox and PeriTox tests are performed independently and according to their individual screening proce-

dures. For the NeuriTox test, in tier N1 substances are screened with a highest tested concentrations on cells as 

1:1000 of the stock and nine 1:3 dilutions (covering 6-7 log concentration units). Inactive substances as well as 

substances that decreased neurite area and viability at the same time (=unspecifically cytotoxic) were excluded 

from the substances panel. Potential hits (tested at a concentration that decreased neurite area but not viability) 

were undertaken tier N2 hit confirmation testing with freshly ordered substances and adjusted concentrations and 

dilutions. Final assay results were evaluated using a prediction model that classifies the test substance as specific 

(developmental) neurotoxicant if the EC50 for neurite impairment is ≥4 times lower than for viability impairment. 

Similar screening approaches can be added in parallel, as exemplified for the PeriTox test. In a final tier, assay 

results are evaluated for their convergence and complementarity. 

The screening of a library of 80 compounds has shown that the NeuriTox test is capable of 

detecting neurite outgrowth modulators, one key process of (D)NT, sensitively and over a wide 

dynamic range (low nM to high µM). If the NeuriTox results were compared to a cardiotoxicity 

assay, largely different results were found, indicating different specificities of the test methods: 

substances classified as specifically cardiotoxic were inactive or generally cytotoxic in the Neu-

riTox test, while substances that were specific in the NeuriTox were generally cytotoxic in the 

cardiotoxicity assay (Delp et al. 2018b). 

By combining the NeuriTox test with the PeriTox test in a test battery, we evaluated their com-

plementarity and convergence (Fig. 6). A range of other complimentary or converging assays 

can be added modularly to build a test battery (Bal-Price et al. 2015a). Compared to the Peri-

Tox test, which was developed to identify peripheral neurotoxicants, strong similarities and 

interesting differences were found. The NeuriTox test showed specificity for central nervous 

system damaging substances (e.g. MPP+), while the peripheral neuropathy causing acryla-

mide, was only detected as specific hit in the PeriTox test (Delp et al. 2018b) (Fig. 7). 

Additionally, substances like 5-fluorouracil or thalidomide, known strong developmental toxi-

cants, were not detected as specific hits, since their mode of action is not linked to neurite 

outgrowth. In comparison to publically available Tox21 data, the NeuriTox assay achieved 

above-average sensitivities for its specific hits, demonstrating how the functional-endpoint 

based NeuriTox test can add value to a test battery (Delp et al. 2018b). 

 

Fig. 7: Specific hits of the NeuriTox (left, orange) and PeriTox (right, green) test after screening the 80 compounds 

proof-of-concept library. Many hits are overlapping, while some are specific for one of the testes, as e.g. MPP+ for 

the dopaminergic-cells based NeuriTox test. 
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Thus, test batteries are mandatory and need to be populated with other high-performance 

tests, next to the NeuriTox test. They should be compiled as efficient as possible (reduced 

overlap between different tests), but also as sufficiently equipped as needed (broad spectrum 

of covered biological endpoints/adversities). 

7.3. Stage-specific metabolic features determine toxicant sensitivity 

7.3.1. Characterization of cellular test systems 

An important prerequisite in test method development is a deep understanding and character-

ization of the cellular system on which the test is based on. These model system characteriza-

tions are necessary to i) show that the used system works the way it is supposed to do, so 

characterization can be considered as part of quality assurance measures and ii) to understand 

the factors that drive the systems’ reactions. To prove the identity of a given cell type, usually 

the presence of positive and the absence of negative markers (e.g. gene or protein expression) 

is used (Zimmer et al. 2012). For the cell line used throughout this thesis, human dopaminergic 

neurons (LUHMES), this characterization has been extensively performed previously. Cell pu-

rity was checked by short tandem repeat profiling (STR), and their chromosomal integrity was 

confirmed (Gutbier et al. 2018a). Upon differentiation, general neuronal markers (e.g. β-III tu-

bulin or synaptophysin) as well as dopaminergic markers (e.g. dopamine transporter (DAT) or 

tyrosine hydroxylase) were upregulated. Simultaneously, cell cycle markers were downregu-

lation (Scholz et al. 2011). This altered expression caused that proliferating precursor-

LUHMES were insensitive to the parkinsonian toxicant MPP+, but became strongly sensitive 

to it upon differentiation and increased dopamine transporter expression, as DAT is known to 

be required for MPP+ uptake into the cells (Schildknecht et al. 2009). To further characterize 

their neuronal phenotype, their electrical activity was characterized (Scholz et al. 2011), and 

the variables affecting aβ production, a protein involved in Alzheimer’s disease (Scholz et al. 

2013). Summed up, a huge body of literature supports the functional neuronal phenotype of 

LUHMES cells. However, a broad omics-based characterization, especially elucidating the 

neuronal metabolism of LUHMES remained elusive until this study (manuscript #2). 

By a combined multi-omics approach, data were generated on three biological layers, i.e. tran-

scriptional (mRNA), protein and metabolic level. Integration of these three layers increased 

certainty about individual observations and enabled hypothesis generation, since evidence 

from all three biological layers could be added up. Exemplarily, changes in neuronal differen-

tiation/phenotype were backed up by transcriptomics and proteomics results. Changes occur-

ring on the metabolic level were supported by proteomics and transcriptomics data, resulting 

in a more robust and complete picture than using only one of the techniques. Summed up, 

evidence could be accumulated that fundamental rearrangements (phenotypic, metabolic, 

transcriptional and on protein level) happen during neuronal differentiation. 

Of outstanding relevance is that these changes could not only be assessed qualitatively, but 

on a quantitative level. It was found that proliferating precursors were strongly glycolytic and 
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had no spare capacities in glycolytic and mitochondrial function. In comparison to the differen-

tiated, mature neurons, which showed a reduced glycolytic and an increased mitochondrial 

metabolism as well as spare glycolytic and mitochondrial capacities. These metabolic differ-

ences lead to an alteration in toxicant sensitivity. 

To further understand the metabolic adaptations, a fluxomics approach was chosen. This al-

lowed the absolute quantification of intracellular metabolite concentrations as well as the 

changes of a metabolite over time by using pulsed stable isotope (13C) resolved metabolomics 

in a non-stationary metabolic flux analysis (Nöh and Wiechert 2011; Wiechert and Nöh 2013). 

By this approach, the central carbon metabolism of the precursor cells was quantified, extra-

cellular and intracellular reaction- and uptake-rates were determined, and finally a map of the 

central carbon metabolism was derived which summarized all measured and computed infor-

mation (Nöh et al. 2014). Important for the computational model behind the flux analysis is the 

closed carbon balance. This means that for each molecule of glucose taken up from the me-

dium, a final destination has to be determined, be it as intracellular metabolite, building block 

of protein or DNA (biomass), CO2 or lactate secreted to the medium (Antoniewicz 2015). Since 

high-resolution tandem mass spectrometry quantification was used, the fate of each labelled 

carbon (not only of each glucose taken up from the medium) could be determined (i.e. carbon 

atom transition). As an example, fully labelled pyruvate (resulting for fully labelled glucose fed 

to the cells and processed through glycolysis) results in different labelling patterns in the citric 

acid cycle (TCA), depending on the route it enters the TCA (Niedenführ et al. 2016). If it is 

channeled into the TCA via pyruvate dehydrogenase complex, it gets converted to acetyl-CoA, 

which condenses with oxaloacetate to citrate and donates two labelled atoms. In contrast, if 

pyruvate gets channeled into the TCA via pyruvate carboxylase, one molecule of oxaloacetate 

with three labelled carbons gets produced. Depending on whether this condenses with a la-

belled or an unlabeled pyruvate, the resulting citric acid contains three or five labelled atoms 

(Meiser et al. 2016; Sa et al. 2017). Deciphering these difficile labelling patterns is the beauty 

and caveat of the method at the same time. It demands many samples of extreme timings and 

high quality combined with supercomputing processing powers and tedious model optimiza-

tions. As a result of this study, a metabolic flux map was generated for the precursor LUHMES 

cells, deciphering each metabolic process of the central carbon metabolism in detail. For the 

differentiated mature neurons, a final flux map could not yet be completed since the label in-

corporation data could not fully be brought in consensus with the mass balance. However re-

sults from more robust and less difficult metabolic assessments indicated a shift from glycolytic 

to mitochondrial metabolism upon differentiation, which is in line with other studies (Agostini et 

al. 2016; Shyh-Chang et al. 2013b). 

Within the last years, computational metabolic modelling delivered answers to questions left 

from traditional biochemistry studies performed by Warburg, Krebs and colleagues (Magistretti 

and Allaman 2015; Vander Heiden et al. 2009b). The knowledge that glycolysis of glucose to 

lactate yields about 2 ATP per glucose, while the complete oxidation of glucose to CO2 yields 

about 30 ATP per glucose left the question unanswered, how cells (e.g. proliferating cells as 

stem cells, neuronal precursors and cancer cells) could afford the apparently enormous energy 
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profusion of metabolizing glucose only until the stage of lactate and secreting it to the environ-

ment, yielding only about 2/30 (=7%) of the possible energy (Akram 2013; Rich 2003; Vazquez 

2015). First explanations included the kinetics of these processes: since glycolysis was ob-

served to be faster than mitochondrial metabolism, a higher throughput (metabolic conversion 

rat) can be achieved per time, given excessive availability of glucose (Cairns et al. 2011; 

Pfeiffer et al. 2001). Additionally, recent findings take not only the kinetics into consideration, 

but also the volume in which these reactions happen, since the amount of metabolizing en-

zymes correlates with the volume of their compartment (Markert and Vazquez 2015a). Since 

the volume of the cytosol, the compartment of glycolysis, is much greater than the volume of 

mitochondria, the realistically achievable energy yield per time, given unlimited substrate avail-

ability, narrows down between mitochondrial and glycolytic metabolism (Fernandez-de-

Cossio-Diaz and Vazquez 2017). This mechanistic background knowledge is fundamental for 

the understanding of the observed results on e.g. the glucose consumption and lactate pro-

duction, a proxy for the glycolytic energy production, of the investigated LUHMES cells. 

7.3.2. Shift of toxicant sensitivity depending on the metabolic status 

Two major findings were derived from the flux analysis, which were not detected before. First, 

the strong dependency of the LUHMES proliferating precursor cells on glutamine was discov-

ered. Glutamine can serve several functions: it can be fed directly into the citric acid cycle (via 

glutamate and alpha-ketoglutarate) for the production of energy, it can serve as building block 

for proliferation (either by donating its carbon-backbone, or its amino group), it can regulate 

the redox-state and anti-oxidant capacity (as precursor of GSH) (Cetinbas et al. 2016; Hensley 

et al. 2013b; Lunt and Vander Heiden 2011; Reitzer et al. 1979). Glutamine-dependency has 

been described for other proliferative cells, as stem cells and cancer cells, which is in line with 

our findings (Ahn et al. 2017; Lees et al. 2017; Sa et al. 2017). Upon differentiation, glutamine 

dependency was lost. These findings indicated that cellular metabolism might not only be fo-

cused on the production of ATP, but might as well need to get rid of excess reduced reduction 

equivalents, which may accumulate in growth/proliferation phases (Birsoy et al. 2015; Markert 

and Vazquez 2015b; Sullivan et al. 2015). Thinking this example to the extreme, one might 

question whether ATP production is really the primary goal of cellular metabolism, or rather an 

intermediate product, while metabolism actually focusses on the redox state/recycling of redox 

equivalents (Fernandez-de-Cossio-Diaz and Vazquez 2017; Sullivan et al. 2015; Sullivan et 

al. 2016).  
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Fig. 8: Schematic illustration of differences in metabolism between proliferating (d0) and differentiated (d6) LUHMES 

cells. 

The metabolism of post-mitotic d6 neurons mainly serves the energy production (ATP) to maintain the cells func-

tional. For this purpose, glucose is metabolized to the level of CO2 through glycolysis and subsequent steps in the 

tricarboxylic acid cycle (TCA) and respiratory chain. The proliferating d0 cells can use similar pathways, but their 

major objective is production of biomass (proliferation). Therefore, they take up amino acids, in particular glutamine 

(Gln) being a building block for proteins and a nitrogen carrier for nucleotide synthesis. Also glycolysis is used in 

part to provide building blocks like serine (Ser) or lysine (Lys). Aspartate (Asp) is exemplified as key building block 

that can be imported and/or assembled from multiple sources, and that is essential for both protein and nucleic acid 

(purine and pyrimidine) synthesis. Secretion of ornithine (Orn), alanine (Ala) or urea/ammonia serves as nitrogen 

sink. If glycolysis is used for energy production, as in d0 cells, then excess reducing equivalents need to be disposed 

of in mitochondria (electron sink). Alternatively, this can be achieved by disposal of lactate (Lac), or by generation 

of proline (Pro) from glutamate (when glutamine is used as energy source). Pyr: pyruvate, aKG: alpha-ketoglutarate, 

Mal: malate, OAA: oxaloacetate, modified from (Delp et al. 2018a). 

The second major finding is the implication of metabolic spare capacities on the toxicant sen-

sitivity of cells in a given metabolic situation. We identified that the proliferating precursors, 

and not the neurons, were more susceptible to mitochondrial toxicants. For other substances, 

like methylazoxymethylacetate, cell-cycle dependent toxicity has been described (Penschuck 

et al. 2006a). We could link the increased sensitivity of the immature neurons to the absence 

of their spare mitochondrial capacities. As they ran on maximum glycolytic and mitochondrial 

rates, they could not compensate even mild inhibitions of their mitochondria without conse-

quences on energy/redox state of the cells, as mature neurons could. Therefore mature neu-

rons were less sensitive to mitochondrial inhibition. However, proliferating cells were not gen-

erally more sensitive to all toxicants. For inhibitors of glycolysis, which shut down the complete 

central carbon metabolism, and don’t allow any compensatory reactions, the differentiated 

neurons were more sensitive. In other studies also using LUHMES cells, toxicants interfering 

with the cytoskeleton (a major constituent of axons and dendrites) were more toxic to differen-

tiated cells (Tong et al. 2017a). The sensitivity to unspecific toxicants was similar between both 

differentiation states, indicating that specific differentiation stage-dependent toxicities could be 

linked mechanistically.  
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7.4. Development of a neurotoxicity assay that is tuned to detect 

mitotoxicants 

Combining the results from manuscripts #1 and #2 let us revisit the results obtained on mito-

chondrial toxicants in the NeuriTox test. We reanalyzed the data of potentially mitotoxic sub-

stances, both from the screening study part of this thesis, as well from legacy data (un-

published data and (Delp et al. 2018b; Krug et al. 2013a; Stiegler et al. 2011)). We found that 

although some mitotoxicants were detected, the test was neither particularly sensitive nor spe-

cific for these. Knowing that LUHMES cells switch from a primary glycolytic towards a mito-

chondrial phenotype upon differentiating, i.e. in the stage when they are used for the NeuriTox 

test, made us expect a higher sensitivity for mitochondrial toxicants. However, we could quan-

tify that the actual mitochondrial contribution to the total energy production was smaller than 

expected and that they increase their metabolic capacities, so that they can compensate mild 

inhibitions (Delp et al. 2018a).  

These findings inspired us to metabolically re-program the cells to make them dependent on 

mitochondrial metabolism. By exchanging the medium sugar from glucose to its epimer galac-

tose, cells switched their metabolism strongly and became dependent on their mitochondria. 

We could show, by characterization of several functional markers, that the galactose cells were 

functionally similar to the glucose cells (e.g. neurite outgrowth kinetics, ATP levels), but dis-

played an altered metabolism. The principle of the glucose-galactose switch assay has been 

described for test systems based on HepG2 hepatoma cells, mouse embryonal and primary 

human hepatocytes, as well as leukemia and muscle cells, but not for neuronal cells (Dott et 

al. 2014; Kamalian et al. 2015; Marroquin et al. 2007; Pereira et al. 2012; Pereira et al. 2018; 

Swiss et al. 2013).  

Exploiting the weak sensitivity for mitochondrial toxicants in glucose conditions and comparing 

them to the results in galactose conditions, in which cells were extremely sensitive to mito-

chondrial toxicants, enabled us to identify neurotoxicants and mitotoxicants simultaneously. 

While the offset ratio between concentrations that affect neurite outgrowth vs viability can be 

used to identify neurotoxicants, the offset ratio between concentrations that affect neurite out-

growth in glucose vs galactose conditions can be used to identify mitotoxicants. With a prove-

of-concept substances library, we characterized which mitochondrial toxicants could be de-

tected by the tuned NeuriTox test. Inhibitors of mitochondrial complex I, III, IV and V were 

detected with high sensitivity, while complex II inhibitors and uncouplers showed barely any 

difference in glucose vs galactose conditions. The mechanistic basis for this difference needs 

to be investigated. 

7.5. Metabolic parameters that determine the onset of toxicity 

Although the glucose-galactose shift-assay has been applied in several (non-neuronal) test 

systems, no mechanistic investigations have been conducted that clarify how exactly the car-

bon source replacement translates to altered toxicant sensitivity. In several test systems, it has 
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been shown that sensitivity to certain toxicants can be increased by 1-4 orders of magnitude, 

although the mode of action of the toxic compound (i.e. binding to its main target) is assumed 

to remain unaltered by the sugar replacement (Kamalian et al. 2015; Marroquin et al. 2007). 

We assume that toxicant distribution in the cell and its concentration at the target site are not 

affected by the type of sugar added to the medium. Applying the terminology of adverse out-

come pathways (AOP), upon binding to its target, the toxicant triggers the molecular initiating 

event (MIE) (Delrue et al. 2016; Edwards et al. 2016; Leist et al. 2017; Vinken 2013). In the 

case of rotenone, this would be binding to complex I (cI). Subsequently, cI is inhibited (key 

event 1 (KE1) of AOP#3) (Bal-Price et al. 2015b; Terron et al. 2018). However, it is not known 

whether each molecule rotenone exactly inactivates one cI. It is also not known how the inhi-

bition of cI translates to the inhibition of oxygen consumption; the correlation could be non-

linear. There could be more cI present than needed to supply cIV maximally with electrons and 

additionally, also cII feeds electrons into the MRC. Therefore, oxygen consumption could re-

main unaffected, even if a sizeable fraction of the cI pool was inhibited. 

Furthermore, it is not clear, how steep the concentration-response curves for binding and for 

oxygen consumption are. For many pharmacological targets, an about 15-fold concentration 

difference results in a shift from quite little (20%) to very strong (80%) effect (an about 30-fold 

concentration difference results in a shift from 15-85% effect; assuming Hill slope = 1), but in 

some cases, concentration response curves have largely different slopes: e.g. with a slope of 

2, only 6 fold higher concentrations are needed to go from nearly no effect (EC15) to nearly full 

inhibition (EC85). 

From a systems biology point of view, three main parameters define the sensitivity of a cell to 

metabolic inhibition. The subsequently introduced reasoning is based on the assumptions that 

(i) cells need to produce energy via their own metabolism and (ii) are not supplied with energy 

from their environment. Metabolic inhibition will be discussed with regard to the quantifiable 

cellular objective of ‘energy production’. Three features of pathways (I-III) are important for the 

toxicity of pathway inhibitors: (I) Pathway utilization describes, to which extent the affected 

pathways is used on a regular basis (i.e. under normal conditions) by the cell to produce energy 

(e.g. it contributes to 5%, 50%, or 95% of cellular ATP production). (II) Compensation flexibility 

describes the flexibility of the cells to use alternative metabolic pathways. These alternative 

pathways could be inactive under normal/unchallenged conditions, but become activated as 

adaptive response upon inhibition of the originally-used pathway to maintain ATP production. 

The greater the flexibility of the cellular metabolism, e.g. switch from mitochondrial to glycolytic 

ATP production, the lower the toxicity of the metabolic inhibitor. (III): Spare capacities. This 

describes how much of a pathway’s maximal throughput is used to satisfy cellular energy de-

mand. Depending on the spare capacity, effects of pathway inhibition will translate more or 

less directly to cellular energy supply. If a pathway has a spare capacity of 200%, only 33% of 

its maximal capacity are used for ATP production. Then, inhibition of the pathway by up to 66% 

will not decrease cellular ATP production via this pathway (Fig. 9). 
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Fig. 9: Parameters determining toxicant sensitivity to inhibitors of metabolism. 

Three features of pathways (I-III) define the degree of toxicity of metabolic pathway (PW) inhibitors (red PW block). 

Based on the assumptions that (i) cells need to produce energy via their own metabolism and (ii) are not supplied 

with energy from their environment. Metabolic inhibition is discussed with regard to the quantifiable cellular objective 

of ‘energy production’ from a substrate (ATP, orange). A) The dependency on a pathway (PW) describes how much 

of the ATP production is supported by the PW of interest (e.g. 90% of total ATP synthesis comes from PW of 

interest, yellow lines). B) Alternative PWs (green borders) increase the flexibility by taking over (e.g. 10% or 90%) 

of the demanded ATP production. C) Spare capacities define to which extent a PW can be inhibited without causing 

observable downstream effects.  

In addition to these three intrinsic pathway properties, two additional modulatory features need 

to be considered. First, the pathway wiring as such may be altered,  (i) by increased/decreased 

enzyme/transporter expression, (ii) by signaling processes, or (iii) by allosteric effects. Second, 

the availability of substrate to be metabolized may be altered. These considerations do not 

only apply for in vitro cultures, but also for any life situation, as e.g. the human nutritional state 

before and after lunch. 

The above considerations, complex enough on their own, focus only a single output of a path-

way, e.g. energy production in the examples discussed. However, pathways like glycolysis or 

the citric acid cycle, are also used to provide precursor molecules for biosynthetic processes, 

and reducing equivalents to maintain the cellular redox state. Since these needs must be sat-

isfied from the same metabolic routes, they additionally modulate the resulting toxicity ob-

served after pathway inhibition. 

The data presented in manuscript #3 show that the toxicity of rotenone, started (defined by 

reaching the EC15 of neurite outgrowth impairment) at 25 nM in glucose conditions. This is 

exactly the concentration at which mitochondrial function was impaired by 50%, both in intact 

cells, as well as in permeabilized cells. Intracellular ATP levels remained unaffected up to 100-

times higher concentrations of rotenone (2.7 µM) (Fig. 10C). Thus, cells in glucose medium (i) 

were affected by rotenone toxicity in the absence of ATP depletion, and (ii) only when cI was 

markedly (50%) inhibited. Overall viability was only affected when cI was inhibited by >90%. 

From this, we conclude that the cells relied only little on cI function for ATP generation, and 



Overarching discussion 

139 

that they were able to completely shift away from mitochondrial energy generation upon cI 

inhibition. From the fact that toxicity occurred independent of ATP depletion, we conclude in 

addition that rotenone toxicity was more related to other adverse processes (e.g. ROS gener-

ation) than cellular ATP starvation (Pöltl et al. 2012; Terron et al. 2018). 

 

Fig. 10: Discussion of the shift in sensitivity to MRC inhibition 

A&C) Data fits from Fig. MS3_3A-C indicating impairment of neurite outgrowth (solid curves, dark green or brown), 

intracellular ATP levels (dotted curves, dark green or brown) and viability (dashed curves) upon rotenone treatment. 

B) Concentration-dependent effect of rotenone on respiration of intact cells (blue) or cI activity (red), made acces-

sible by permeabilization of the plasma membrane. The EC50 for impairment of cI-mediated respiration of permea-

bilized and intact cells was calculated to be at 25 nM (pink dashed vertical line). Note that the EC15 for impairment 

of neurite outgrowth in Glc conditions was as well at 25 nM. The EC15 for impairment of neurite outgrowth in Gal 

conditions was at 0.7 nM (blue dashed line). The EC15 for impairment of intracellular ATP levels in Glc conditions 

was at 2.7 µM (green dashed line). The EC15 for impairment of intracellular ATP levels in Gal conditions was at 2.6 

nM (gray dashed line). D) Curve steepness (Hill slope) and concentration ratios between EC15 and EC85 are given 

for different experimental conditions. Note that the ideal curve, based on competitive and reversible inhibition by 

binary complex formation would have a slope of 1 and an EC15/EC85 ratio of 32. 

In Gal medium, neurite outgrowth was strongly (85%) impaired at the rotenone concentration 

that reduced mitochondrial function by 50%. Even at concentrations that impaired MRC func-

tion only slightly (EC15 = 3 nM), neurite outgrowth was strongly impaired (50%). Moreover, the 

onset of neurite toxicity (EC15 = 0.7 nM) occurred at concentrations at which MRC function was 



Overarching discussion 

140 

hardly affected at all. Notably, ATP was only affected by 15% (EC15 = 2.6 nM), when neurites 

were reduced by 50%.  

From these data, we conclude that even slight inhibitions of mitochondrial function are toxic to 

cells grown in galactose medium. The neurite toxicity in the absence of sizeable ATP depletion 

and MRC inhibition suggests that rotenone triggered other toxicity pathways. These may in-

clude the formation of ROS or the susceptibility of the cells to ROS. ROS could have been 

produced at either a higher rate in galactose conditions, or at milder inhibitions of cI. ROS-

defense could be diminished due to reduced glycolytic throughput, as GSH synthesis via the 

transsulfuration pathway requires glycolytic intermediates (3-phospho-glycerate as precursor 

of cysteine) (Krug et al. 2014). All these factors could make Gal cells more susceptible to ROS 

damage and therefore more sensitive to cI inhibition. 

7.6. Translation of test results into hazard classifications 

7.6.1. Prediction models and thresholds 

As toxicity cannot be assessed in population-wide human trials, but only using model systems 

(in vivo, in vitro, in silico), the achieved test results must be translated into a conclusion an-

swering the initial question about human safety. This translation is performed by a so called 

prediction model (PM), i.e. mathematical rules. Exemplarily, an assay quantifies the intracellu-

lar ATP content and subsequently the prediction model translates the extent of ATP reduction 

into a conclusion about the test substances’ toxicity. The PM needs to be defined by a thresh-

old loss of ATP. Small reductions in ATP, not reaching the threshold, would be translated as 

non-toxicity (i.e. the test substance would be safe), while reductions exceeding the threshold, 

would be translated into toxicity (i.e. the test substance would be toxic). More complicated 

prediction models, e.g. for the embryonic stem cell test (EST), take several cellular endpoints 

from different test systems into account and weigh them against each other to classify com-

pounds as embryotoxic or non-embryotoxic (Seiler and Spielmann 2011). Regardless of the 

prediction model’s complexity is the definition of a threshold: a threshold describes a stepping 

point at which a threshold-dependent parameter changes its state. In qualitative experiments, 

this translates in the toxicity (i.e. killing) of a substance to a model organism which can be 

either live or dead. In quantitative experiments, a threshold-inhibition of a target by an inhibitor 

(i.e. the toxic test substance) would define toxicity vs. non-toxicity. 

The setting of the thresholds defines which substances (at which concentrations/doses) would 

be classified as negative or positive. Misclassifications cause false-positive and false-negative 

results. Therefore, the determination and calibration of the threshold determines the accuracy 

(sensitivity& specificity) of a test.  

These above mentioned toxicological thresholds are not unnatural, as many biological systems 

also have thresholds (Borgert et al. 2013). Upon mechanistic investigation, thresholds in bio-

logical systems can be determined. Without no a priori knowledge and assuming a causal 

relationship between an independent variable (X) and its dependent parameter (Y), one would 
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estimate at any given change of X also a change in Y (Fig. 11, blue curves). As practical 

example, the inhibition of only a single mitochondrial complex I would necessarily result in a 

reduced total ATP production. However, intact biological systems are usually more complex 

and integrate several features simultaneously. Therefore, a change in X not always translates 

directly into a change in Y. As an increased glycolytic throughput could compensate the lost 

mitochondrial ATP production, not directly a reduction in total intracellular ATP will be observ-

able. Only upon stronger insults ATP levels will decrease. Other examples include that (i) pa-

racetamol doesn’t instantly cause liver damage, (ii) that not any change in dendritic membrane 

potential elicits and also an action potential and (iii) that a single molecule of digitonin isn’t 

capable of permeabilizing a cell (Fig. 11, green curves). As this principle of biological thresh-

olds follows the logical concept of damage vs compensation, it also has to be reviewed and (if 

applicable) transferred to other areas of biology/toxicology, as e.g. genotoxicity or endocrine 

disruption (Borgert et al. 2013). In currently ongoing discussions, it is debated whether all sub-

stances that trigger DNA damage are instantly carcinogenic (i.e. the linear-no threshold theory) 

(Calabrese 2013), or whether physiological DNA repair systems have to be taken into account 

(Calabrese 2015; Clewell et al. 2019). From a purely quantitative perspective, DNA-damaging 

substances can only cause sustained DNA damage, if the amount of damage introduced by 

the substance, plus the naturally occurring damage, exceeds the physiologic DNA repair ca-

pacity of the cell (Bus 2017). 

 

Fig. 11: Comparison between cause-consequence relationships depending on the existence (“real-life”, green) or 

absence (“no threshold”, blue) of a threshold. 

A) Mitochondrial inhibition will not directly result in reduced intracellular ATP levels, as increases in glycolytic 

throughput might compensate for a mild loss of mitochondrial energy production. Only when compensatory systems 

are at maximum, a reduction in mitochondrial activity will cause a proportional reduction in intracellular ATP levels. 

B) Paracetamol is tolerated until a certain concentration without any adverse effect. Exceeding this threshold con-

centration will cause liver damage. C) The voltage at the axon hillock integrates all incoming signals from the den-

drites. Only if the voltage transcends the threshold, an action potential will be fired. D) Digitonin is tolerated until a 

certain concentration without perforating a cell membrane. At concentrations higher than the threshold, it will form 

wholes and membrane integrity will be lost immediately.  

7.6.2. Test results in the threshold range 

The translation of test results into a hazard classification is especially complicated when test 

results are closely around the predefined threshold. The range around the threshold is com-

monly called “borderline range”. Although there is no consensus definition of the borderline 
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range, it can be estimated as the range in which the variation of the test results is similar to or 

bigger than the distance of the test result to the threshold. Therefore the confidence of the 

classification of the substance decreases. Different strategies have been used to address 

these “borderline compounds”. One often seen approach is the multiple re-testing to gain con-

fidence in the received test results as random variations should average out with increasing 

repetitions. Alternatively, a third category, the “borderline category” was introduced, as cate-

gory between “safe” and “toxic”. It was defined as the range in which one cannot be sure about 

the classification (Leontaridou et al. 2017). Common between all these prediction models is 

that they result in a “bin-wise” compound-classification. 

However, in the final classification, all/most information about the uncertainty of the test results 

is lost. For risk and hazard assessment, this piece of information is a central part. Since usually 

not a single test is used to determine hazard classifications, different results have to be 

weighed against each other. For this process, uncertainty assessment is pivotal. Thus, instead 

of binning the classification into two to three categories (black (toxic) vs. white (non-toxic), 

maybe gray (borderline)), we suggest a continuous (gray-shading) hazard assessment (Fig. 

12). 

 

Fig. 12: Thresholds are used to classify test substances according to their toxicity. 

A) Different compounds can be assessed for the amount of impairment they trigger at any endpoint, e.g. ATP 

depletion, cell death or neurotoxicity. Impairments stronger than the threshold will cause a classification as “toxic”, 

sub-threshold effects will lead to a classification as “non-toxic”. B) For results closely around the threshold, a bor-

derline classification can be introduced that contains test substances that could not be classified as “toxic” or “non-

toxic” with great confidence. C) Alternatively, a continuous hazard-probability can be assigned to the test compound 

according to its test result. 

7.6.3. Introduction of a probability based hazard classification 

The need and conceptual background of continuous hazard classification shall be explained 

on the example of an ATP assay that is used to define “toxicity”. In a simplified scenario, toxicity 

of a substance can be predicted by assessing its reduction of intracellular ATP levels. The 

threshold for toxicity was defined at a reduction of 50%, separating non-toxic from toxic sub-

stances (Fig. 13A). When an array of substances gets tested in multiple independent repli-

cates, some substances clearly will not affect ATP levels at all, thus they will be classified as 

non-toxic. Other substances will decrease ATP levels very strongly, thus they’ll be classified 

as toxic. However, some substances will have a mean test result in the range of the threshold 
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ATP reduction, i.e. the borderline range (Fig. 13B). If individual independent replicates were 

evaluated on their own, the substances would be classified as toxic in some of the cases, or 

as non-toxic in other cases. If assumed that the experiment was repeated 100 times inde-

pendently, and resulted in a ATP reduction of >50% in 51 cases, it would be classified as 

“toxic”, although only in 51% of the tests, the substance was above the threshold. The same 

problem can be transferred to concentration-response curves (Fig. 13C&D). In some inde-

pendent repetitions, the test system reacted more sensitive than in other repetitions, therefore 

each experiment would result in a slightly different concentration that caused 50% reduction in 

ATP. 

 

Fig. 13: Step-wise transfer from a binary classification model to a continuous hazard prediction model. 
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In a simplified scenario, a single assay (e.g. intracellular ATP) determines the toxicity of a substance. A) In a clas-

sical binary prediction model, the test substance gets classified as toxic if it reduces ATP levels to ≥50%. B) When 

multiple substances get tested, some will be clearly non-toxic, some clearly toxic and for some the mean will be 

close to the threshold and their variation spanning over it. C&D) If a single substance gets assessed in concentra-

tion-response, independent repetitions will results in slightly different EC50 values. E-G) The variation of the test can 

be assessed from existing data and used to calibrate a function that translates the assay result into a hazard prob-

ability.  

This binary classification could be overcome by assigning a hazard probability instead of a 

hazard class to the test substance. This hazard probability can be calculated in different ways, 

but we favor to use a standard toxicological function, the 4-parameter log-logistic function, 

which gets calibrated on the variability observed in the test method and the threshold of the 

existing prediction model (Fig. 13E). Since at the threshold level of ATP reduction, 50% of the 

independent repetitions will predict either of the binary classifications, the hazard probability 

should be 50% at this point. As probability cannot be higher than 100% and not lower than 0%, 

the upper and lower asymptotes of the log-logistic are determined (Fig. 13F&G).  

7.6.4. Transfer of the probability based hazard classification concept to the NeuriTox 

test 

The theoretical considerations undertaken for the transition of an exemplary prediction model 

based on reduction of intracellular ATP levels can be transferred to the prediction model of the 

NeuriTox test. In this test, the impairment of two cellular parameters is assessed simultane-

ously: neurite outgrowth and cell viability. While viable cells can have no neurites, dead cells 

can’t have neurites. Compounds of special concern in terms of (developmental) neurotoxicity 

are these that reduce neurite area without affecting cell viability. This differential adversity is 

quantified by the EC50 ratio of viability/neurite area (i.e. Δ, Fig. 14A). In the classical prediction 

model, a test substance was classified to be specifically toxic, if its Δ was ≥4. In order to trans-

fer this binary classification into a continuous hazard probability model (Fig. 14B), the variability 

of both quantified endpoints (neurite area and viability) had to be taken into account (Fig. 14C). 

The resulting combined variability can be calculated according to standard error propagation 

laws (Fig. 14D). Finally, again a 4-parameter log-logistic curve can be calibrated to the existing 

assay data to reflect the actual variations observed. For the upper and lower boundaries of the 

function, 100% and 0% probability were defined. The inflection point of the function was set at 

the threshold of the classical prediction model. The steepness of the probability curve was 

calibrated in a way that the range of the classical threshold one standard deviation comprised 

68% of the probability, standard values of a normal Gaussian distribution (Fig. 14E). The re-

sulting fully calibrated probability function can be used to estimate the hazard probability of 

new test substances. 

For 14 substances, taken from (Delp et al. 2018b), the hazard classification was recalculated 

and compared to the initial binary classification (Fig. 14F). This comparison demonstrated that 

for the substances being either clearly unspecifically toxic (i.e. Δ close to 1), or clearly specifi-

cally neurotoxic (i.e. Δ >10), the hazard probability is close to its binary classification (i.e. close 

to 0% or 100&). The benefit lays in the range around the threshold, where e.g. a Δ of 5.3 is 
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related with a 70% probability of specific neurotoxicity. If this substance was tested in two other 

test, for which also a probability-based hazard classification was established, the final hazard 

judgment will be easier than with solely binary classifications, as less information of the test 

outcomes is lost during the classification process. 

 

Fig. 14: Transfer of the probability-based hazard classification from simplified exemplary data to a real-world appli-

cation using data of the NeuriTox test. 
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A) The classical prediction model of the NeuriTox test evaluated the concentrations that impair neurite outgrowth 

and viability by 50% (EC50(NA) and EC50(V), respectively). Their ratios is finally used to classify the test substance; 

if it is ≥4, the test substance becomes classified as specifically neurotoxic (Δ=EC50(V)/EC50(NA)). B) A binary, 

threshold-based prediction model (specific vs. non-specific) should be transferred into a continuous, probability-

based prediction model (90% probability to be specific). C) As two endpoints are assessed in the NeuriTox test, 

both inherit variations. D) The resulting variation of Δ (i.e. the EC50 ratio) consists of the variation (SD) of endpoint 

1, neurite area, and endpoint 2, viability. The resulting variation was calculated according to standard error propa-

gation rules. E) As in Fig. 13, a 4-parameter log-logistic curve was calibrated on existing data, with setting 50% 

probability (i.e. the inflection point) at the classical threshold. From there, the range ± one standard deviation was 

calibrated to comprise 68% of the total probability, as in a normal Gaussian distribution. The resulting function is 

given. F) Re-evaluation of existing test data (from (Delp et al. 2018b)) and comparison of the classification according 

to the classical binary and the developed probability-based prediction model. D: diethylstilbestrol, Ca: carbaryl, BC: 

berberine chloride, R: rotenone, M: MPP+, Col: colchicine, V: valinomycin, TETD: tetraethylthiuram disulfide, TO: 

bis(tributyltin)oxide, MeHg: methylmercury. 

The presented example does neither claim to be the perfect, nor to be the only solution to the 

addressed problem. As well, probability-based approaches are not completely new to toxicol-

ogy, although being still a niche. However, many of the existing probability based methods aim 

at linking the expected exposure of a chemical to its known hazard (Chiu et al. 2018; Schneider 

et al. 2006; Sipes et al. 2017). If models for varying hazard classification exist, they tend to 

exceed the comprehensibility of standard non-mathematicians. The aim of the solution sug-

gested in this discussion was to reuse existing data to calibrate a standard function often used 

in toxicology to calculate the hazard probability. Doing so, information transition from testing 

phase to hazard classification will be increased. 
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8. Conclusions and Outlook 

Within the last 15 years, toxicology changed dramatically. In the past, when visiting e.g. the 

annual meeting of the U.S. society of toxicology (SOT), the greatest toxicology meeting in the 

world, mainly animal experiments were presented. In vitro assays only had niche applications 

(e.g. for mechanistic questions), but were hardly used for regulatory purposes. In vivo toxicity 

testing was considered to be normal, in vitro assessments were extraordinary. A specialty sec-

tion for in vitro toxicology was founded in 1995 to center these special interests and provide a 

stage to facilitate progress (SOT 2019). At this years’ SOT meeting, alternative (in vitro and in 

silico) methods were no longer exotic, but a common feature of all presented studies. Toxicol-

ogists throughout the field and irrespective of their opinion on in vitro methods, have realized 

that animal experiments do not predict the human toxicity to 100%, so that there is room for 

improvement. On top, nobody argues that the existing “chemical world” is too complex to as-

sess in animal experiments, thus all agree that, next to the predictivity, also the throughput of 

toxicity assessment needs to be increased (Leist et al. 2008b; Luechtefeld et al. 2018b). 

To reach these goals, mechanistic toxicity assessment with high throughput-capable methods, 

as supported by many leading researchers and authorities, needs to be developed and im-

proved (Bal-Price et al. 2018a; ECHA 2017; EMA 2016; EURL ECVAM 2018; FDA 2017; 

National Academies of Sciences 2017; NRC 2007). Thus, key processes leading to human 

adverse effects need to be (i) identified, (ii) understood, (iii) modelled in vitro, and (iv) combined 

in a test battery. This knowledge should culminate in a hazard assessment based on the mode 

of action of the test substance, as already performed for organophosphates/ acetylcholine es-

terase inhibitors (OECD 2017a) or for the assessment of skin sensitization (OECD 2017c; 

Urbisch et al. 2015). Finally, hazard data need to be combined with exposure and pharmaco-

kinetics data to enable a full risk assessment and regulation. 

As this thesis included the screening of >100 substances in mechanistic assays for key pro-

cesses of neurotoxicity, several follow-up questions arose. One of the substances identified to 

be (developmentally) neurotoxic in manuscript #1 was berberine. This is a natural plant prod-

uct, currently investigated for several medicinal uses, from diabetes to cancer treatment 

(Stermitz et al. 2000; Sun et al. 2009; Zhang et al. 2008). Initial reports on berberine suggest 

a mitochondrial complex I inhibition as mode of action (Mikes and Yaguzhinskij 1985; Turner 

et al. 2008). Other drugs in use or used in diabetes treatment, e.g. metformin and phenformin, 

share this mode of action (Brunmair et al. 2004; Doran and Halestrap 2000). In contrast, also 

toxicants causing Parkinson’s disease like rotenone and MPP+ share this mode of action 

(Terron et al. 2018). Thus, further in depth analyses and comparisons of the toxicological pat-

terns of these substances appear to be worthwhile. Metabolomics and transcriptomics tools 

are in place to facilitate hypothesis generation and guide further research. Additionally, more 

mechanistic understanding should be gathered on how hits identified from the screen inhibited 

neurite outgrowth. The identification of a common mode of action could be used for future bulk 

evaluation of chemicals, based on a shared mode of action (SAEPEA 2018).  



Conclusions and Outlook 

148 

Another topic that should be elucidated further are adaptation processes of galactose-cultured 

cells. A deeper understanding of how the metabolic shift from glucose to galactose culture 

conditions is regulated on the molecular level might give new insights into basic biochemistry/ 

metabolism of mammalian cells. Although standard text books may suggest that the central 

carbon metabolism is completely known and is largely invariable, important discoveries keep 

changing our understanding of central metabolism and also on how marketed and new drugs 

affect it. An example is the recent discovery of itaconate as mammalian metabolite (Cordes et 

al. 2015). It has been used as industrial chemical (produced by fungi) but remained undiscov-

ered until 2013, when its biosynthesis pathway was discovered. Itaconate directly branches off 

the citric acid cycle and is crucially involved in the regulation of inflammatory processes 

(Michelucci et al. 2013). Another example is the finding that the diabetes drug canagliflozin, 

considered to be a selective transport inhibitor, potently affected mitochondrial metabolism 

(Secker et al. 2018).  

Comparing glucose- and galactose-driven metabolism might elucidate in how far ATP gener-

ation or the recycling of reduction equivalents drives metabolic adaptations and determines 

the cellular redox-state. The application of fluxomics analyses will demonstrate the exact 

changes in metabolism and inform about a potentially altered fate of intermediates taken out 

of the central metabolism to serve as building blocks. 

The demand on the methodologies developed within the course of this thesis was that they 

work not only in our special (narrow) context of neurotoxicity assessment, but should be 

broader applicable and transferrable, especially in the context of the broadly discussed repro-

ducibility crisis (Baker 2016). Therefore, next to thorough test method development and char-

acterization, we established collaborations within which we exchange methods or transfer the 

method principles towards related applications (Bal-Price et al. 2018a; Delp et al. 2018a). Ex-

amples are the inter-lab comparison of the NeuriTox test (including the method transfer to the 

Leibnitz Insitut für Umweltmedizinische Forschung) and the assessment of the mitochondrial 

mode of action of thiazolide derivatives in an immunological/ cell death specific context. 
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