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Abstract 

 Conventional environmental hazard assessment practices focus on determining 
intrinsic danger of chemicals via induction of crude apical endpoints. A novel chemical 
safety assessment paradigm is pioneering the understanding of molecular 

mechanisms fundamentally driving such endpoints to increase quality of future 
chemical safety assessment. To achieve stakeholder acceptance of new technologies 
such as omics to drive discovery of toxicological mechanisms, there is a need for 
evaluation of experimental approaches tailored towards this end, using 
environmentally relevant models such as microalgae. The research goal of this thesis 
was to propose the development, characterization and application of an experimental 
design and a suitable physical algal exposure system tailored towards hypothesis of 
acute chemical mode of action (MoA) and key events in adverse outcome pathways 
(AOPs) driven by time-resolved multi-omics profiling of algae. An experimental design 
aligned with the AOP framework was delineated, and a customized algal vial exposure 
system developed and rigorously validated. The developed system generated highly 
similar metabolomics profiles in a repeat-exposure study, and existing differences 
could be mitigated via an internal normalization strategy. Markers driving the adverse 
phenotype after exposure could be reproducibly identified from the study. Applying the 
experimental design via the developed exposure system, large-scale and highly time-
resolved multi-omics (metabolomics, lipidomics and transcriptomics) exposure 
experiments of Chlamydomonas reinhardtii to the baseline-toxicant chlorobenzene 
and the herbicide norflurazon were conducted. Acute chemical MoA and draft AOPs 
were successfully constructed, using generated and retrieved literature data. Results 

emphasized discrete (primarily chloroplast-based oxidative stress for norflurazon, 
general metabolic inhibition and membrane-disruptive effects for chlorobenzene) 
however to a degree shared molecular stress signatures (inhibition of cellular motility, 
activation of autophagy and apoptosis). Finally, the utility and limitations of the 
presented discovery approach for application in hazard assessment were discussed, 
suggesting high utility to future prioritization of testing and to chemical read-across of 
hazard using omics-signatures, pending further validation of the method, including  
application to new model toxicants, putative biomarker identification from the omics 
datasets, and targeted manual validation of the latter. 
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1. Introduction to hazard assessment 

 

1.1 Chemical risk and hazard assessment and their legislative background 

 Environmental health status is heavily impacted by anthropogenic actions, 
prominently by intentional or accidental release of synthetic chemical substances into 
natural ecosystems, where these commonly do not occur naturally or at high 
concentrations. Life in aquatic ecosystems is a fundamental element of local and 
global food cycles, comprising primary producers to tertiary consumers [1,2]. 
Regrettably, chemical pollution of surface and groundwaters has become omnipresent 
[3] and represents a major threat to aquatic organisms and by extension terrestrial 
food chains [4]. 

 To protect the aquatic and general environments from potential man-made 
chemical pollution on the European level, a number of legislations were enacted. 
Notable among these are the Water Framework Directive [5] to guide future water 

protection policy, and the Registration, Evaluation, Authorization and Restriction of 
Chemicals  (REACH [6]). According to REACH, any chemical substance produced in 
or imported into the EU above one ton per year requires an assessment of its potential 
to induce toxic effects relevant to human and environmental health, and submission 
of these data to the European Chemicals Agency (ECHA) for registration. The core 
concept of this chemical safety assessment process in REACH was carried over from 
the Existing Substances Regulation by the European Economic Community. 
Importantly however, among many other changes, REACH shifts the burden of 
conducting chemical safety assessment onto producers and importers, away from 
regulatory agencies. 

 The chemical safety assessment process involves hazard and risk assessment 
of a chemical substance, where hazard is defined as the capability of causing a given 
adverse environmental or human health effect, and risk as the probability of that 

hazard occurring at a given exposure to the chemical substance. The formal and 
iterative chemical safety assessment process (Figure 1) comprises hazard 
assessment, exposure estimation, and ultimately risk assessment in the context of an 



 
- 3 - 

initial problem formulation with the purpose of guiding regulatory decision-making 
[7,8]. REACH regulates the registration of substances and detailed requirements for 
chemical safety assessment in dependence of production or import volume, and level 
of concern. High production or import volumes, and highly toxic substances 
(reproductive toxins, carcinogens and mutagens) require full chemical safety 
assessment of the substance in question [9,10].  

 

 Any substance with tonnages as low as one ton per year requires an 
environmental hazard assessment on aquatic organisms, specifically algae, daphnids 
and fish, as detailed in REACH annex VII [11]. To harmonize test procedures and data 
collection for submission to ECHA, the Organization for Economic Co-Operation and 
Development (OECD) and the International Organization for Standardization (ISO) 
provide official guidelines prescribing test conditions to conduct the specific toxicity 
tests for environmental hazard assessment. For instance, OECD guideline 201 and 
ISO/DIS 8692  [12,13] prescribe specific conditions and validity requirements for 
conducting a hazard assessment regarding algal growth inhibition of chemical 
substances in the context of aquatic toxicity. Overall, environmental hazard 
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Figure 1. Simplified schematic of the chemical safety assessment process under 
REACH legislation, spanning initial data collection, hazard assessment (hazard 
identification and concentration-response characterization), exposure estimation and 
risk assessment to guide regulatory decision-making. Figure after ref. [5].  
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assessment plays a pivotal role in the authorization or restriction of chemical 
substances within the regulatory decision-making framework, and an accurate 
assessment of chemicals is critical for protecting all environmental compartments, 
including diverse aquatic ecosystems. 

 

1.2 Conventional approaches to inform environmental hazard assessment 

 The data used to evaluate the intrinsic hazard of a chemical substance to human 
and environmental health are routinely gained from standardized toxicity tests 
(bioassays). In the conventional environmental hazard assessment practice, 
bioassays are laid out in the format of phenotype-focused whole organism tests. These 

seek to characterize environmental hazard by exposing a sentinel organism to a range 
of concentrations of a chemical substance, and measuring the associated induction of 
observable adverse phenotypes (i.e. apical endpoints). The particular apical endpoints 
to be measured depend on the type of environmental hazard that is sought to be 
identified and characterized, and on the test organism. Examples for such apical 
endpoints relevant to environmental hazard assessment are growth inhibition of algal 
populations [12,13], immobilization or reproductive inhibition in daphnids [14,15], 
changes in bodyweight or mortality in birds [16], or short- and long-term reproductive 
inhibition and somatic malformations in fish [17–21]. These phenotype-focused 
bioassays form the core of conventional EHA strategy and the basis for further 
chemical risk assessment. 

 Additional information on substance hazard may be submitted by registrants to 
support the chemical safety assessment in the form of data from alternative testing 

strategies. Such commonly involve biochemical experimentation (potentially 
employing novel technologies) or in-silico predictions of hazard [22,23] to gain insight 
into chemical mode of action (MoA). The MoA of a chemical substance describes its 
initial interaction with molecular biological targets in an organism and the subsequently 
induced effects on cells and tissue in the organism, and is helpful in extrapolating 
information on toxicity to other chemical substances and species [24]. Literature 
search reveals a wealth of research studies suggesting biochemical follow-up 
methods to phenotype-focused bioassays in environmental hazard assessment for the 



 
- 5 - 

deduction of MoA, e.g. in algae [25–37], fish [38–40], or even for multi-species 
assessments [41–44].  

 Additional prediction of MoA and potential hazard may be granted by in-silico 
models, which derive information from characteristics of the chemical substance other 

than its toxicity. Prominently, quantitative structure-activity relationship (QSAR) 
models seek to predict and categorize chemical activity (apical endpoint induction, 
MoA, environmental stability etc.) from the molecular structure of a chemical, thus 
seeking to avoid expenditure from additional laboratory testing. Well-established 
examples for such categorization approaches are the OECD QSAR toolbox, or the 
Mode of Action and Toxicity (MOAtox) database by the United States Environmental 
Protection Agency (USEPA), although new models are constantly under development 
[45–47]. 

 Even simple alternative testing strategies as described above can be valuable to 
increase confidence in environmental hazard assessment of a chemical substance by 
improving understanding of MoA. The regulatory acceptance of alternative testing 
strategies though is a slow process, requiring thorough grasp of the science behind 
the biological processes under scrutiny, and reliable comparability of alternative model 

systems to full organism tests [48–50]. Thus, despite an encouragement of submission 
of alternative test data to support chemical safety assessments, such remains at the 
level of secondary supporting information, and the primary regulatory reliance on and 
prescription of phenotype-focused bioassays is still characteristic of REACH and most 
other chemical legislations globally [51,52]. 
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2. Shortcomings of conventional hazard assessment strategy 

 

 The specific test guidelines for phenotype-focused bioassays have been 
methodologically refined since their initial conception. However, the toxicological 
problem formulation of what information is relevant for defining environmental hazard 
of a chemical substance, and how to interpret it, was principally left unchanged for 
decades [53]. Phenotype-focused bioassays were and are generally regarded as 
adequate for their originally intended purpose, i.e. the characterization of 
environmental hazard solely by proxy of crude apical endpoint induction. However, the 
latter is a relatively insensitive measure of chemical toxicity in and of itself [48], and 
has been criticized by the wider research community heavily for its shortcomings as a 
viable tool for future environmental hazard assessment [52–54]. These may be 
summarized as a) unacceptably high demands for expenditure, time and test 
resources, and limited b) reliability and c) generalizability of data generated in 
phenotype-focused bioassays. 

 

2.1 High demands for financial expenditure, test subjects and time 

 In spring of 2019, over 22,000 chemical substances had been registered under 
REACH in the European Union [55]. Regardless, over 140,000 commercial chemicals 
(excluding mixtures) are handled daily on a global scale, for ten-thousands of which 
there is only little, if any, toxicological information available [56–59]. 

 First-tier hazard screening frameworks, such as the ecological threshold for 
toxicological concern (eco-TTC [60,61]) exist to triage inherently dangerous or high-
production volume chemicals for prioritized testing. Despite the ensuing reduction of 
substances requiring detailed chemical safety assessment though, conventional 
approaches to environmental hazard and risk assessment are still insufficient to cope 
with testing of prioritized substances in a reasonable time-frame and budget [58,62]. 
In the example of REACH, up to 80,000€ are required to merely conduct hazard 
assessment to aquatic organisms for a single test substance [11].  
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 Additionally, chemical substances may induce multiple apical endpoints in 
different species, at various exposure concentrations or duration [63]. Here, avoiding 
false negatives or undetected MoA in hazard assessment requires application of large 
test batteries of bioassays involving multiple species and exposure scenarios, in turn 
leading to geometric increases in demands of funds, time and test subjects [64,65]. 
An estimated 5000 test animals are required per chemical substance registration 
under REACH, leading to yearly test subject demands in the range of hundred-
thousands merely in the EU [66,67].  

 As a result, a large number of potentially dangerous substances are handled daily 
on a world-wide scale - safety evaluation of which, according to current paradigms, 
will be extremely difficult to achieve due to financial, ethical and time constraints 
[57,68,69]. 

 

2.2 Limited reliability of data 

 Phenotype-focused bioassays were further likened to black-box models, 
restricting assessment of chemical hazard to a narrative or phenomenological 
description [70–72]. Knowledge of molecular mechanisms and cause-effect chains 
within chemical MoA can augment confidence in hazard assessment substantially 
[73], mechanistic insight however can only be gained minimally from said bioassays.  

 As indicated, alternative testing approaches can help bridging the gap of inferring 
MoA [56,74,75], but merely a limited number of in-vitro and in-silico methods are 
accepted to supplement chemical safety assessment. Of those, most in-vitro methods 
impose prior assumptions on the particular chemical MoA, and many in-silico 
approaches serve mainly to predict apical endpoint induction [60]. Thus, 
characterization of hazard with reliance on conventional environmental hazard 
assessment practices might result in failure to detect unknown or secondary MoA 
[57,76]. Lack of mechanistic insight, limited coverage of screened hazard types, and 
dependence on prior knowledge for MoA elucidation effect high uncertainty factors 
during successive risk characterization [77,78]. 
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2.3 Limited generalizability of data 

 Another major shortcoming of hazard assessment based on induction of crude 
apical endpoints is the limited predictive power when attempting to extrapolate hazard 
to other species and chemicals. Ideal coverage of potentially inducible types of hazard 

across genetically diverse organisms would require parallel testing of millions of 
environmental species [79]. Realistically, hazard assessment can thus only be 
performed on sentinel species that biologically closely resemble most organisms in 
their ecological niche [80,81], followed by extrapolation of data onto other species. For 
phenotype-focused bioassays, cross-species extrapolation comes with certain 
limitations. Due to differential physiology, cellular architecture and/or metabolic and 
genotypic diversity, a given chemical hazard (or chemical MoA inferred from 
phenotype) detected by bioassays may not be relevant to other organisms, or remain 
completely undetected in a given species [82]. The result is increased likelihood for 
detection of false positives, or waiving false negatives.  

 Confidence in cross-species extrapolation can be drastically increased when 
based on mechanism, in order to distinguish which molecular targets of, and 
interactions with chemical substances are relevant to other organisms [83,84]. 

However, the focus on apical endpoint induction in conventional EHA strategy leads 
to gaps in understanding mechanism in chemical MoA, again augmenting over-
conservative uncertainty factors and safety thresholds in risk characterization [85–88]. 
Similarly, substantial obstacles exist in effective extrapolation of hazard from 
chemicals with known effects onto untested chemicals. ‘Chemical read-across’ is 
based on structural similarity of substances, and has proven valuable for cost-effective 
triage, waiving chemical safety assessment of chemicals and data-gap filling [45]. 
Nonetheless, legacy in-silico models in regulatory decision-making frequently attempt 
to perform chemical hazard grouping on the basis of predicting proxy markers of 
toxicity, e.g. apical endpoint induction or environmental fate. Grouping of chemical 
hazard in this approach bears inherent uncertainty, as it remains largely ignorant of 
complex molecular interactions between chemical and organism, including 
idiosyncratic chemical MoA, multiple induced chemical MoA, chronic- and mixture 
toxicity [89,90]. Comparisons of the predictive power of major digital classification 
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platforms (e.g. OECD QSAR Toolbox, USEPA ECOSAR, -EPISUITE or -ASTER) 
concluded overall utility for application in first-tier screening, however discordance 
between model predictions, risk of misclassification, incomplete coverage of the 
chemical MoA-space and ignorance of chemical metabolism were also attributed [91–
94]. Again, hazard prediction from descriptors based on interactions at the molecular 
chemical-organism interface would improve reliability of in-silico tools drastically 
[60,91,95–99], however regulatory acceptance of alternative approaches such as new 
in-silico models is slow [9,100]. 

 In conclusion, reliance on data from highly resource-intensive phenotype-focused 
bioassays or proxy hazard markers detached from biological response often leads to 
over-conservative and disputable safety assessments in regulatory decision-making 
[52,101]. 

 

 

3. Conceptual and technological advances to drive a new chemical 
safety assessment paradigm  

 

 A re-evaluation of basic assumptions underlying the current chemical safety 
assessment paradigm in toxicological sciences is required to address described 
shortcomings, specifically of the standards of what information should drive chemical 
safety assessment. Over the last decades, novel conceptual and technological 
approaches have revolutionized the wider field of molecular biology [102]. As a 
response, the National Academy of Science published a seminal report [51] detailing 
a strategy to use these new approaches to modernize chemical safety assessment. 
Specifically, it highlighted a paradigm shift towards mechanistic understanding of 
adverse effects of chemicals on humans (Fig. 2), while decreasing cost and animal 
sacrifice [48]. Next to calling for a change of emphasis towards defining chemical MoA 
of toxicants, more comprehensive and realistic procedures to exposure assessment 
and translation of concentration-response data from animal and in vitro models to 
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human (dosimetry) were described [103–105]. The report was well-received by the 
scientific and regulatory community, and implementation was rapidly initiated in 
human toxicological sciences [23,106,107]. In the field of environmental toxicology, 
the new paradigm arrived with somewhat lower momentum [54,67]. However, the 
same progression towards focus on mechanism using novel technological and 
conceptual advances is endeavored within environmental hazard assessment. The 
new elements of such mechanism-based hazard assessment thus should include 
chemical characterization and the assessment of chemical MoA via understanding 
perturbation of biological pathways (Fig. 2). 

 

3.1 Integrated approaches to hazard assessment and the adverse outcome 
pathway concept  

 Pathway-based approaches form the heart of mechanism-based hazard 
assessment. For environmental toxicology, the adverse outcome pathway (AOP [108]) 
has established itself as conceptual framework to organize, centralize and harmonize 
toxicological information [109]. AOPs represent abstract schematics of perturbed 
biological pathways, linking the basal toxicological interaction of toxicants with 
biomolecular structures (molecular initiating event; MIE) mechanistically to an adverse 
outcome observable on the phenotypical level (Fig. 3). The adverse outcome (AO) is 
located on the higher levels of biological organization, and reflects a relevant endpoint 
for regulatory intervention, i.e. organism-, population or community level effects. 
Importantly, MIE and AO are connected by a chain of modular and discretized key 
events (KE), which represent irreversible aberrations from correct biological 
functioning and are causally and successively associated. 
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Figure 2. Schematic of human hazard and risk assessment within the new 
chemical safety assessment paradigm. Similar considerations were envisioned 
for safety assessment of chemicals in an environmental context. Figure from 
ref. [51]. 

 

 AOPs have the potential to become prime tools for predicting adverse chemical 
effects. They enable a plausible cause-effect understanding of perturbance of 
biological pathways, and thus can be of high utility for regulatory decision-making 
[96,110–114]. As they are non-specific to individual chemicals but rather to MIE, 
individual or networks of AOPs (i.e. AOPs sharing MIEs, KEs or AOs) could provide 
toxicological information and predictive power for a multitude of chemicals and more 
generally MoAs [114–116]. Thus, AOPs represent leveraged models that could aid 
chemical read-across and generalization of MoA over large sets of untested 
substances or those with minimal information on hazard [109]. Invaluably, by focusing 
on mechanism and contextualization of biological pathway conservation across 
different environmental species, the AOP concept has the potential to improve 
confidence in cross-species extrapolation while decreasing testing expenditure 
[84,111,113], help in interpreting species-sensitivity distributions, and understand 
discrepancies of MoA in different species [117]. In addition to mechanistic insight, 
AOPs enable quantitative prediction of chemical hazard including low-dose- and 
sublethal effects [110,111], allow more accurate classification and hazard assessment 
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of chemical mixtures [114,118,119], and may be extended to incorporate toxicokinetic 
and exposure information [120–122].  

 Overall, due to their non-linear and flexible structure, AOPs and AOP-networks 
can incorporate both inherent chemical substance properties (e.g. multiple MIEs 

induced by single toxicant) and the complexity, dynamics, kinetics and non-linearity of 
the biological response system they are aimed to reflect, in a centralized block of 
information. 

 

Figure 3. Structure of an adverse outcome pathway. Interaction of a chemical 
substance (toxicant) with an organism causes a molecular initiating event, which 
induces a chain of discrete and causally linked key events. The key events 
ultimately lead to induction of an adverse outcome relevant to risk assessment. 
Figure from ref. [108], modified. 

 

 The new paradigm of chemical safety assessment aims to avoid utilization of data 
from phenotype-focused bioassays as sole basis for hazard assessment. However, 
single alternative testing methods cannot supplant these due to the inherent biological 
complexity of adverse effects of chemicals. To bridge this gap, the concept of 
Integrated Approaches to Testing and Assessment (IATA) has evolved. IATA are 
combinatory approaches that optimize chemical hazard assessment in order to reduce 
redundancy, cost and animal sacrifice in testing, while improving confidence in 
regulatory decision-making and handling of uncertainty [10,11,109,123–125]. IATA 
integrate the utilization of diverse existing data on a chemical with the guided 
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generation of new data on chemical hazard and evaluation thereof, both originating 
from a diverse set of sources such as in-silico toxicokinetic models and predictive 
QSARs, in-vitro assays, high-throughput-screening, or pan-genomic molecular 
profiling [126].  

 Adverse outcome pathways, in their role as knowledge frameworks, can serve as 
fundaments for IATA by organizing available toxicological information, and evaluating 
the latter for adequacy towards regulatory decision-making using weight-of-evidence 
approaches [123,127]. The modular nature of AOPs can point towards an optimal 
combination of testing techniques for a given type of hazard. For instance, key events 
in AOPs may indicate biomarkers predictive of hazard, and suggest batteries 
consisting of various laboratory assays to develop mechanism-based rapid targeted 
testing strategies [113,127]. Molecular initiating events may aid in constructing in-silico 
tools within IATA, i.e. by guiding the generation of QSARs for predicting MIE-induction 
of chemicals [128–132] to facilitate chemical read-across and grouping for screening 
and prioritization [133]. AOPs further enrich IATA by flagging up gaps in the 
understanding of adverse chemical effects, and guide targeted data gap filling 
[45,111,113,117]. AOPs go hand in hand with IATA to reduce cost (time, money, 
animal life) of, and increase confidence in chemical safety assessment, by facilitating 
the construction of mechanism-based predictive tools and testing strategies, focusing 
on data gaps, avoiding duplicate testing, and utilizing of the most predictive resources 
for a given problem formulation [75,110,134].  

 IATA are structured approaches to testing, however do not enable mechanistic 
understanding without the help of mechanism-based tools such as AOPs [135]. 
Previously, AOP-driven guidance of IATA was successfully achieved, and the concept 
showed promising potential as starting point for modern chemical safety assessment 
[109,134,135].  
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3.2 Technological advances to support a paradigm shift 

 Next to described conceptual developments, recent technological advances from 
the field of molecular biology are increasingly manifesting themselves in application to 
toxicological sciences, in an effort to modernize chemical safety assessment [51,106]. 

These ’New Approach Methodologies’ (NAMs) comprise a variety of in-vitro, in-
chemico and in-silico approaches [136]. Prominent examples are robotic high-
throughput platforms such as ToxCast [8,137] or LINCS [138] that utilize extensive 
batteries of pathway-specific in-vitro tests for chemical and drug MoA screening, three-
dimensional tissue test systems [139], in-silico predictions based on sophisticated 
QSARs employing molecular descriptors [46,100,140], or omics technologies enabling 
global profiling of biological stress responses to toxicants. 

 Omics are analytical platforms that allow untargeted and hypothesis-free profiling 
of molecular signatures, amongst others, gene transcription (transcriptomics), protein 
levels (proteomics), or metabolite and lipid concentration (metabolomics and 
lipidomics). The range of molecular markers measured in parallel is commonly in the 
range of thousands. Generated datasets are distinctly precise in profiling global 
molecular states of cells, tissues or whole organisms [65], owing to high instrumental 

sensitivity and avoidance of proxy biomarkers. Historically, the various omics research 
domains and platforms have evolved independently in different contexts of application, 
and their utility in uncovering molecular dynamics and processes was demonstrated 
repeatedly [49,141–144]. Amid the NAMs considered for toxicological purposes, omics 
stand out for their unique capacity of comprehensive molecular analysis, and 
unbiased, a priori discovery of biological processes.  

 As molecular NAMs, omics technologies bear great potential to inform and 
support the construction of AOPs. Untargeted analysis is envisioned to play a vital role 
in IATA by supporting mechanistic hypotheses and global chemical MoA deduction 
[134]. As an unbiased discovery tool, omics data can unveil completely new and 
unexpected molecular mechanisms [145], granting a priori discovery of chemical MoA. 
Further, omics can improve hazard assessment by informing mechanism-based 
cross-species extrapolation and chemical read-across [76,88,146–148], guide the 

development of IATA, or even be part of first-tier screening in IATA. Omics might 
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provide strong supporting evidence in the construction of AOPs, if not be a primary 
driver of it. Untargeted molecular fingerprints might allow the discovery of biomarkers 
diagnostic of chemical MoA and predictive of apical endpoint (e.g. hypothesize on key 
events predictive of AO in AOPs), or enable the inference of MIEs for the design of 
QSARs - thereby enabling the compilation of biologically-informed targeted in-vitro test 
panels or in-silico tools for IATA [97,123,149,150]. Moreover, untargeted in-vitro 
assays could be part of hazard screening within IATA. Classification of chemical MoA 
and chemical grouping could be achieved using similarity in global molecular 
fingerprints indicative of MoA, allowing chemical read-across, chemical MoA 
hypothesis and rapid chemical prioritization for further testing [113,127,145,151–153]. 

 Overall, omics could increase confidence in cause–effect analyses and hazard 
assessment by providing mechanistic evidence on the harmful effects of chemicals. 
However, the application of omics to toxicological sciences has so far largely been 
limited to isolated case studies demonstrating effects of model chemicals 
[145,154,155]. 

 

 

4. Requirements and needs towards regulatory acceptance of 
omics 

 

 Omics may prove highly valuable for application in environmental hazard 

assessment of harmful chemicals, for instance in prioritization and read-across, and 
research interest on omics-driven MoA elucidation and chemical safety assessments 
is increasing from various stakeholders [57]. Despite the publication of first framework 
proposals for omics data generation and evaluation towards application in chemical 
safety assessment [146,156], ECHA and other regulatory institutions consider 
molecular NAMs - including omics - not yet sufficiently developed and reliable to inform 
chemical safety assessments [49,136]. This very perception is yet the highest barrier 
to utilization of omics datasets in regulatory decision-making [23,49,155]. A number of 
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obstacles remain to be overcome in order to achieve this regulatory acceptance, 
among them more technical requirements including the overarching standardization 
of soft- and hardware platforms, or the introduction of good laboratory conventions in 
data generation, -processing and -curation in the generation of mechanistic data to 
inform and support construction of AOPs [157–160]. 

 On the practical side, two requirements for facilitating more frequent and assured 
application of omics to environmental hazard assessment purposes are regularly 
noted as (1) establishment of tailored experimental designs and testing systems 
suitable for omics-driven hypothesis of chemical MoA, and (2) associated 
demonstration that omics applying said designs and systems can reliably discover 
chemical MoA and thus be of utility to hazard assessment. Discovery of molecular 
mechanisms requires the development of new protocols towards robust, precise, 
reproducible and scalable experimental designs, to support factoring of exposure 
concentrations, biological replication and time-resolution in single experiments 
[49,146,157,161–164]. Specifically, explorations of the temporal domain (time-course 
analysis) and concentration-response behavior are highly valuable - yet frequently 
neglected - considerations in omics research examining processes molecular 
perturbations induced by chemicals [108,165]. Thereafter applying these experimental 
designs, proof-of-concept studies using model toxicants are required to demonstrate 
reproducible and reliable omics-driven chemical MoA hypothesis and discovery of 
molecular markers of toxicity such as molecular key events predictive of adverse 
outcome [70,111,124,127]. Following the hypothesis of chemical MoA by omics in 
such studies, targeted post-hoc tests though would be required to evaluate and 

characterize putative biomarkers and their relationships if they are to be integrated 
into mechanism-based hazard assessment, e.g. for design of targeted regulatory tests 
specific to a chemical MoA or even AOP [109,134,146,166–168]. 

 Ultimately, pending regulatory acceptance of omics as fit for purpose, they are 
expected to bear great inherent value for supporting chemical safety assessment. 
These include but are not limited to deduction of MoA, providing supportive weight of 
evidence for AOPs, aiding IATA by improving precision in screening, chemical read-
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across and relevant cross-species hazard extrapolation, or classification and labelling 
of dangerous chemicals as per REACH legislation [49,145,146,165,169–172]. 

 

 

5. Model species selection to showcase utility of omics to 
environmental hazard assessment    

 

 When selecting model organisms for the purpose of showcasing NAM-driven 
identification of chemical MoA and AOP, specific criteria need to be regarded to 
improve applicability of research results. Characteristics of an optimal model species 
include widespread environmental occurrence, extensive availability of information on 
biological pathways and their evolutionary conservation, and ideally placement of the 
species within the three classic tiers of test organisms applied in environmental hazard 
assessment (freshwater algae, water flea and fish) to achieve a degree of 
comparability to existing hazard assessment practices [173–176]. Certain sentinel 
species were recently established as prime model organisms in the specific context of 
AOP development, for instance the invertebrates Daphnia sp. and Caenorhabditis 

elegans [177,178], zebrafish [179], or the algae Chlamydomonas reinhardtii [180]. 
Algae are key components of aquatic food chains. The more than 70,000 algal species 
assume critical roles in global carbon fixation, primary production of biomass and bio-
indication of local aquatic pollution [1,181–183]. As a result, algae have become 
internationally established test organisms in chemical safety assessment [12,13,184].  

 C. reinhardtii (Fig. 4) is the algae that has received most attention in any algal 
research endeavor to date [185], and looks back at over a century of research in 
various contexts. The ciliated freshwater phytoplantic species is characterized by a 
haploid and relatively small ~120-megabase nuclear genome, containing 
approximately 14,500 protein-coding genes [186,187]. Availability of nuclear-, 
mitochondrial- and chloroplast genome sequence, the algae’s simple and rapid life-
cycle, and ready available methods for genetic manipulation including CRISPR/Cas9 
[188,189] render C. reinhardtii a superb model organism for molecular studies and an 
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established reference species for genetics research [186,190,191]. Furthermore, C. 
reinhardtii is a model for exploring cellular morphology of green algae, chloroplast-
based photosynthesis, function and structure of cilia and centrioles, algal diurnal 
cycles and cell cycle control [185,186,192–202], and various research in biomedical 
and biotechnological sciences [203–207]. C. reinhardtii was the first algal species with 
a dedicated genome project [186,208,209], which public availability along extensive 
metabolic pathway information was of immeasurable value as basis for exploration of 
biological processes in algae using omics. As a result, this algal species has received 
widespread attention as an algal model in the research areas of evolutionary genomics 
[186,210–215], functional genomics [193,215–218], transcriptomics [219–231], 

metabolomics [232–241], and proteomics [234,242–244]. 

 Further, research efforts to describe the effects of model toxicants on the 
molecular stress response of C. reinhardtii using omics approaches have recently 
become more frequent. Landmark studies include those exploring effects of metals 

Figure 4. Chlamydomonas reinhardtii liquid culture at 200-fold magnification. Visible are 
vegetative cells from various position in the cell cycle, including ciliated cells in cell cycle 
stages of biomass accumulation and photosynthetic activity (Top, Middle), or unciliated 
daughter cells (zoospores) post-division still contained in the membrane of the mother 
cell (Bottom). 
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[245–251], pesticides [252–255], or nanoparticles [256,257]. Most experimental 
approaches using omics to describe chemical effects on C. reinhardtii, and microalgae 
in general, show a number of limitations towards the purpose of informing AOPs or 
guiding IATA. These include limited or missing temporal resolution 
[246,252,253,256,258–260], exposure and sampling strategies with little biological 
justification [248,250,251,254,255,261,262], lack of matched life stages 
[231,243,245,257,263], or restricted scalability, among others.  

 It is evident that there is a need for the establishment of tailored experimental 
designs and testing systems as mentioned in Section 4. Once this need has been 
addressed appropriately, the extensive biochemical and molecular characterization of 
C. reinhardtii can be leveraged for omics-driven chemical MoA or putative molecular 
key event hypotheses, and emphasizes the value of selecting this algal species as 
environmentally-relevant model for this project. 
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6. Omics platforms to enable hypothesis of chemical MoA and 
molecular markers predictive of adverse outcome 

 

 Biological pathways involve multiple interacting domains of molecular functional 
units such as genes, gene products, metabolites or enzymes (Fig. 5). Perturbation of 
these pathways leads to a biological stress response that is often mediated by 
complicated feedback cycles, which in turn cannot be sufficiently described by isolated 

functional units such as changes in protein levels or gene expression alone [65]. To 
achieve optimal coverage and understanding of chemical effects, parallel interrogation 
of complementary omics ‘lenses’ on an organisms stress response are warranted 
therefore to form a more complete picture [264,265]. 

Figure 5. Domains functional units of biomolecules involved in biological processes 
and pathways, and the concordant omics technologies that are intended to 
interrogate patterns of the specific types of biomolecules. Figure from ref. [419]. 
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6.1 Metabolomics and lipidomics  

 The metabolome and lipidome respectively comprise a diverse variety of low- and 
high molecular weight endogenous chemicals, which in turn constitute the substrates, 
intermediates and products of an organisms enzymatic machinery. By definition, 

metabolism is functionally located downstream of genes and gene products within 
biological pathways [266]. Consequentially, the metabolome and lipidome are the 
domains of molecular functional units with highest proximity to phenotype [159,267–
269], and thus can be optimal descriptors of biological pathway perturbation and 
chemical MoA [270]. 

 Metabolomics and lipidomics apply state-of-the-art technology to record global 
metabolite or lipid levels in samples. Ideally, these technologies can combine 
comprehensive coverage, minimal sample preparation requirements, rapid analysis 
time, low chemical group bias, high sensitivity, -resolution, -dynamic range, and -
compound identification capacity [271]. As relatively nascent omics branches though, 
no single platform can provide all these requirements singularly, and a number of 
different platforms for analysis of metabolic phenotypes have established themselves 
with varying degree of applicability for specific purposes (Fig. 6). Overall, current 

bottlenecks are laborious and time-consuming processes of metabolite and lipid 
annotation, and unavailability of reference standards [272]. However, continuous 
optimization efforts are made towards overcoming these, along achievement of ever 
higher sensitivity and resolution in analyses [270].  

 Direct-infusion mass-spectrometry (DIMS) enables untargeted and unbiased 
‘shotgun’ metabolomics and lipidomics profiling of a sample, via complementary 
assays featuring only minimal preparational and operational differences. For DIMS, a 
solvent-resuspended sample extract is introduced into an ionization source without 
prior chromatographic separation of analytes to grant shorter analysis time. The 
generated positive or negative analyte ions are transferred through ion optics and 
mass filters to the mass analyzer for detection of ion-specific mass-to-charge values 
(m/z). Utilization of high-resolution high-sensitivity mass analyzers for DIMS, such as 
orbitrap (e.g. Thermo Fisher Orbitrap Elite MS instrumentation), provides high 

accuracy in measurements of analyte m/z during data acquisition of unfractionated 
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extracts for metabolomics [273,274]. Inherent to the simultaneous m/z-analysis of 
thousands of ions during direct sample infusion are matrix effects, e.g. signal 
suppression of low-concentration analytes by high-concentration analytes in the mass 
analyzer, and concomitantly increasing probability of analyte m/z overlap and 
decreasing sensitivity and accuracy in analyzing complex biological sample matrices 
[274,275]. However, such can be overcome by application of spectral selective-ion-
monitoring stitching (SIM-stitch) strategy to grant analysis of wide dynamic ranges of 
m/z values while ensuring high mass accuracy, resolution and sensitivity of orbitrap 
analyzers [276]. Resulting increased runtime and required sample volumes can be 
satisfactorily compensated by sample introduction via nano-electrospray ionization 

source (nESI) applying minimal sample flow rates [276,277]. 

 Despite certain reduced capability for peak annotation of e.g. isomers and 
intrinsic problems with identification, nESI-SIMstitch-DIMS stands out from other 
platforms as a highly effective approach for its primary purpose of untargeted ‘shotgun’ 
metabolomics, featuring lower cost while ensuring comprehensive analysis 

Figure 6. Overview of the different main approaches to targeted mass spectrometry and 
untargeted metabolomics and lipidomics analyses. Juxtaposed are their specific 
technologies, strengths and pitfalls in application. Figure from ref. [569]. 
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performance and increased coverage of analytes, shorter analysis runtime and thus 
higher sample throughput, requiring less sample pre-treatment, and avoiding 
chromatographic bias  [159,278–281]. Specifically, when using sophisticated mass 
analyzers such as orbitrap, additional characterization and annotation of m/z features 
of interest can be established using selective fragmentation (MSn) strategies in follow-
up studies of untargeted metabolomics. As additional value to this work, DIMS has 
been repeatedly and successfully applied to analyze untargeted metabolite and lipid 
fingerprints of algae extracts [273,282–285], increasing tailored applicability to this 
project. 

 

6.2 Next-generation-sequencing transcriptomics 

 Changes in gene transcripts represent another facet of the molecular response 
of an organism to environmental stressors, and hence are a prime lens for scrutinizing 
perturbed biological pathways while maintaining proximity to genotype in analysis. The 
study of pan-genomic gene expression (transcriptomics) has been applied over the 
last decades to a diverse array of research areas - including evolutionary biology and 
phenotypic plasticity, ecological research, personalized medicine, and more recently 
human and environmental toxicology [141,176,286–289]. 

 The field was long limited by its requirement for a priori knowledge of a 
sequenced genome (e.g. microarray technology), which led to radical restrictions and 
bias of analysis [290,291]. However, the advent of next generation sequencing (NGS) 
technologies and their operational independence from a priori sequence information, 
ever-growing public availability of sequenced genomes to annotate gene products, 

and continuous efforts to improve data processing and interpretation methods have 
revolutionized transcriptomics to a high-content and high-throughput tool with great 
potentially value to modern environmental toxicology [290,292,293]. 

 The various NGS technologies grant precision and accuracy in analysis similar 
to real-time quantitative polymerase chain reaction technology [219,294], next to high 
sample throughput, decreased cost and time for analysis, and reduced analytical 
artefacts [295]. RNA sequencing (RNA-Seq) has become an umbrella term for a 
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number of NGS platforms supplied by different sequencing technology developers 
(Table 1) to perform various tasks, such as de-novo transcriptome assembly or gene 
expression analysis.  

 

Table 1. Overview of common NGS technologies and their characteristics. Each platform 
provides advantages and disadvantages towards specific purposes such as de-novo 
transcriptome assembly or low-level transcript detection. Table adapted from ref. [296]. 

 

 Illumina RNA sequencing technology uses cDNA sequences complementary to 
generated fragments of extracted sample RNA, which are ligated with sample-specific 
adapter sequences (library generation). These ligated sequences are introduced to a 
flow cell where they bind with surface-attached oligomers, and are amplified by initial 
polymerase-driven chain extension and repeated cycles of enzymatic bridge-
amplification. The tight clusters of formed amplification products are cyclically 
sequenced using optical signals from hybridizing fluorescently-tagged nucleotides.  

Platform Illumina 
MiSeq Ion Torrent PGM PacBio 

RS 
Illumina 
GAIIx 

Illumina 
HiSeq 2000 

Instrument Cost $128 K $80 K $695 K $256 K $654 K 

Sequence yield 
per run 1.5-2Gb 

20-50 Mb on 314 
chip, 100-200 Mb on 
316 chip, 1Gb on 
318 chip 

100 Mb 30Gb 600Gb 

Sequencing cost 
per G $502 $1000 (318 chip) $2000 $148 $41 

Run Time 27 hours 2 hours 2 hours 10 days 11 days 
Reported 
Accuracy 

Mostly > 1 
in 1000 Mostly 1 in 100 < 1 in 10 Mostly > 1 

in 1000 
Mostly > 1 
in 1000 

Observed Raw 
Error Rate 0.80 % 1.71 % 12.86 % 0.76 % 0.26 % 

Read length up to 150 
bases ~200 bases Average 

1500 bases 
up to 150 
bases 

up to 150 
bases 

Paired reads Yes Yes No Yes Yes 

Insert size up to 700 
bases up to 250 bases up to 

10 kb 
up to 700 
bases 

up to 700 
bases 

Typical 
nucleotide 
requirements 

50-1000 ng 100-1000 ng ~1 μg 50-1000 ng 50-1000 ng 
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 The different available platforms are again tailored for specific purposes in 
relation to cost of analysis. The long read lengths of PacBio’s single molecule 
sequencing technology for instance show great applicability for de-novo genome or 
transcriptome assembly in short runtimes at a relatively high cost [296]. Illumina RNA-
Seq platforms (e.g. HiSeq-4000, Mi-Seq) and their short-read RNA fragment analysis 
were developed earlier than comparable technologies in the field, and had the 
opportunity to evolve for longer stretches of time [296]. Thus, Illumina’s sequencing 
technology is accredited with outstanding performance and flexibility for a variety of 
applications (despite relatively small drawbacks such as longer runtimes or 
proportionally higher background noise) - specifically for low-cost, high-throughput and 

high-accuracy study of pan-genomic gene expression, while featuring lower false 
positive error rates than comparable platforms and higher sequencing depth to allow 
low-level transcript analysis [290,296–300]. As benefit to this project, Illumina RNA-
Seq has prior been repeatedly and successfully applied to explore responses of the 
algal transcriptome to various environmental influences and stressors 
[221,264,301,302]. 

 

6.3 Integration of multiple omics data 

 The different omics layers and their analytical platforms have varying advantages 
and disadvantages regarding their applicability to, and precision and accuracy in a 
given problem formulation. Towards deducing chemical MoA and hypothesizing 
predictive biomarkers of apical endpoints (e.g. key events in AOPs), the combination 
and integration of multiple complementary omics data (Fig. 7) is sensible to yield a 
realistic representation of biological systems and their perturbation [165,303]. 
Studying metabolism and gene transcription in an integrated approach does not and 
cannot lead to an association of each measured metabolic- to a transcriptional change, 
however a response close to molecular phenotype can be anchored in its functional 
root response close to genotype, establishing indication of toxic mechanism 
[159,269,304]. Integration of omics data from untargeted metabolic and transcriptional 

profiling has been performed successfully in ecological studies [142,220,305–308] and 



 
- 26 - 

more importantly in various investigations of chemical effects in human or 
environmental toxicology [250,304,309–315].  

 The ever evolving computational tools relevant to integrate data from multiple 
omics platforms open up the opportunity to shed light on potential molecular 
mechanisms and toxicological effect patterns from a perspective impossible to achieve 
from an isolated omics analysis [265,316,317,318]. Exploratory data- and time-course 
analysis can discern wider patterns of toxicant-induced changes on highly-
dimensional and multivariate datasets such as those covering the metabolome or the 

Figure 7. Inter-relation of the different domains of molecular functional units, and by 
extension omics layers, in the description of adverse molecular and apical phenotypes. 
The adverse phenotypes are here depicted for various human health aetiologies, but 
the schematic can be used synonymously for apical endpoints of an organism relevant 
to environmental hazard assessment, such as growth inhibition in algae. Figure from 
ref. [309]. 



 
- 27 - 

transcriptome. Commonly applied statistical approaches here comprise principal-
component analysis (PCA) to perform dimensionality reduction of the thousands of 
variables gained through omics into small subsets of variables that cause the essential 
majority of variability in the dataset, partial least squares discriminant analysis (PLS-
DA) to extract the variables most important for group separation between exposure 
groups, or basic statistical testing using two- (Welch’s t-test for low sample size) or 
multi-group comparisons (ANOVA) of spectral peaks for significant differences. 
Hierarchical clustering, another common tool in multivariate data analysis, conducts 
an iterative (hierarchical) comparison in similarity of samples based on numerical 
differences in the measured spectral peaks and transcripts of the samples, which can 

be applied to pinpoint groups of variables behaving quantitatively similar independent 
of sample group- or analytical time-point membership. These methods are applied 
using open-source software such as R and SLIDE [331, 509]. To efficiently utilize an 
experimental design employing multiple analytical time-points, the software 
MetaboClust [501] and R package maSigPro [510,511] amongst other published tools 
are highly valuable in identifying and hierarchically clustering spectral peaks or gene 
transcripts with similar time-expression/-intensity profiles along dose-dependent 
changes of spectral intensity or transcript levels across exposed toxicant 
concentrations. 

 More in-depth interpretation of the here yielded results can be gained through 
application of more sophisticated bioinformatics approaches. Metaboanalyst [332] 
grants putative annotation of spectral peaks to plant metabolites such as Arabidopsis 
thaliana, and enables pathway-overrepresentation analysis of identified groups of 

spectral peaks and putative annotations to the Kyoto Encyclopedia of Genes and 
Genomes (KEGG). The iDEP interface [508] aids interpretation of transcriptomics 
data, enabling differentially-expressed-gene (DEG) analysis between toxicant 
exposure groups, applying the DESeq2 R package [502,503]. Further, iDEP offers 
parametric gene set enrichment analysis (PGSEA), a novel multi-group approach to 
generally-applicable gene set enrichment analysis (GAGE). PGSEA performs gene 
set enrichment analysis, filters out non-significant gene sets by permutation testing, 
performs a multi-group comparison of variance (ANOVA) using the generated variable 
enrichment z-scores, and finally ranks gene sets by standard deviation i.e. variability 
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of the z-scores, in order to achieve biologically-meaningful insight [508, 446]. Gained 
gene sets from PGSEA or DEG can thereafter be checked for gene enrichments on 
biological pathways of a selected species, such as the C. reinhardtii genome from the 
Joint Genome Institute gene ontology database 1 . Lastly, a concatenated table 
containing both putatively annotated spectral peaks and transcripts of interest can be 
submitted to generally applicable set enrichment analysis on KEGG pathways using 
pathview software [500,506,507], to gain the most leveraged and biologically 
conclusive analysis of an existing multi-omics dataset of toxicant-induced changes on 
an organism such as C. reinhardtii. 

 Provided a suitable experimental design, an integrated approach utilizing DIMS 
and Illumina RNASeq platforms leveraged by the computational integration of 
generated metabolomics, lipidomics and transcriptomics datasets applying discussed 
or further available statistical bioinformatics approaches should be able to provide the 
sufficient sensitivity, resolution and accuracy to enable robust and reproducible 
diagnosis of chemical MoA and discovery of biomarkers predictive of apical endpoints 
in algal populations.   

 

  

 

1 http://www.jgi.doe.gov/ 
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7. The research goal and scientific objectives of this project    

 

 The work in this project was conducted with the view to facilitate more frequent 
and assured application of omics technologies in environmental hazard assessment, 
by attempting to address two practical requirements for regulatory acceptance as 
described in Section 4. These are (1) the establishment of tailored experimental 
designs and testing systems effective for omics-driven diagnosis of chemical MoA and 

hypothesis of putative key events in AOPs, and (2) the associated demonstration that 
omics applying developed approaches can in fact reliably and reproducibly deduce 
chemical MoA and suggest such key events of importance to hazard assessment. A 
more specific perspective was assumed to enable clear boundaries of the carried-out 
work to achieve the overarching research goal:  

 

To develop and trial an integrated multi-omics-driven algal 
toxicity testing approach for hypothesis of acute chemical MoA 
and putative molecular key events to support construction of 
AOPs. 

 

 The following scientific objectives were identified in order to successfully achieve 
the research goal: 

I. Outline a tailored experimental design that is effective for omics-driven 
chemical MoA diagnosis and molecular key event hypothesis in algal toxicity 
testing. 

II. Develop and validate a rigorously-defined algal exposure system suitable to 
support the specific requirements of the outlined experimental design. 

III. Apply the developed toxicity testing approach to selected model toxicants as 
an attempt to diagnose acute chemical MoA and hypothesize putative 
molecular key events to support construction of AOPs. 
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This thesis document has been structured according to the following chapter outline: 

• Chapter 1 serves as introduction to the research topic, and lays out the research 
goal and scientific objectives of the project.  

• Chapter 2 describes the general methods and materials employed throughout the 
project. Further, it outlines the developed tailored experimental design for multi-
omics-driven chemical MoA and molecular key event hypothesis in algae, along 
the detailed considerations and criteria that were taken into account in its 
conception (Scientific Objective I). 

• Chapter 3 describes the development and evaluation of a rigorously-defined C. 
reinhardtii exposure system that is suitable to fulfil the specific requirements of 
the above experimental design (Scientific Objective II). 

• Chapter 4 and 5 comprise proof-of-concept case studies for applying the 
developed experimental design and algal exposure system to two selected 
model toxicants, featuring either well-described primary chemical MoA (Ch. 4), 
or poorly-understood MoA in algae (Ch. 5). This was to demonstrate capability 
of the approach to diagnose chemical MoA and hypothesize putative molecular 
key events to support construction of AOPs (Scientific Objective III). 

• Chapter 6 provides a general discussion and conclusions of the overall project, 
discusses the limitations and applicability, and indicates potential for future 
work. 
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Chapter 2 
 

Experimental design, methods and 
materials 
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1. General methods and materials 

 

1.1. Algae culturing 

1.1.1. Agar culture and preparation of growth medium 

 Axenic Chlamydomonas reinhardtii Dangeard (1888) CC-125 wild type mt+ was 
purchased from the Culture Collection of Algae and Protozoa (CCAP, Dunbeg, UK). 
The strain was maintained heterotrophically on agar plates (1.5% w/v agar in tris-
acetate-phosphate media) on laboratory shelves at 23 °C until liquid inoculation.  

 A modified Chlamydomonas growth medium (CGM) was developed as described 
in Chapter 3, based on Sueoka’s high salt medium supplemented with Kropat’s trace 
elements [319,320] with the following modifications. The final concentrations of the 
divalent inorganic salts CaCl2*2H2O and MgSO4*7H2O were increased to 50 mg/L and 
100 mg/L, and the concentration of total phosphates was reduced by 92.5% to 54 
mg/L KH2PO4 and 108 mg/L K2HPO4 to decrease both palmelloid formation and mass 
spectrometric ion suppression due to phosphate accumulation in C. reinhardtii cells 
[238,321–323]. To increase inorganic carbon levels, the growth medium was 
supplemented with 500 mg/L Na-HCO3. As C. reinhardtii growth is optimal between 
pH 5.5 to 9 [324,325], pH was adjusted to 6 to shift carbon equilibrium towards 
photosynthetically-available carbonic acid species [326]. To retain buffer capacity for 
a photosynthesis-driven change in medium pH, CGM was supplemented with 20 mM 
MOPS buffer, similar to ref. [238]. The growth medium was sterilized by 0.22 µm-
filtration to avoid degradation of MOPS, salt precipitation and shift of the carbon 
equilibrium caused by autoclaving [327].  

 

1.1.2. Inoculation of liquid test cultures 

 Inoculation of stock cultures, open-flask experimental and vial experimental 
cultures were conducted as individually described in Chapters 3, 4 and 5. Overall, agar 

cultures were inoculated in 35 mL CGM within foam-bunged 250 mL wide-neck glass 
flasks for inoculation of initial liquid stock cultures. Cultures were incubated in a 
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Multitron Pro rotary shaking incubator (Infors HT, Bottmingen-Basel, Switzerland) at 
25°C and 200rpm orbital shaking. Lighting conditions were either set as constant 
lighting (non-synchronized cell cycles), or as a 12h:12h light:dark cycle (synchronized 
cell cycles), as described individually in each chapter. Light color temperature was 
8500K. Algae were adapted to this lighting and autotrophic growth conditions in liquid 
cultures for at least 120h prior to experiments. 

 Further experiments were conducted in a tailored vial exposure system as 
developed in Chapter 3 (Fig. 8). Briefly, before start of individual experiments, cell 
cultures were concentrated by centrifugal separation at 1200-g for 3min (Eppendorf 
5920r, Eppendorf UK). The supernatant was decanted, and cells were resuspended 
as quadruplicates in CGM (or toxicant-spiked CGM for exposure experiments) in clear 
10.5mL glass vials with aluminum cap inlay (T101/V4, Scientific Glass Laboratories, 
UK) to yield a final cell concentration of 7.5x105 cells/mL and 10% total gas phase 
volume within each vial. Vials were capped and incubated for 24h, rolling free on a 
lined tray in the rotary incubator to maintain cell suspension. Exposure to individual 
toxicants, specific sampling time-points, sample size and amount of harvested cell 
suspension for downstream analyses are described individually in each chapter. For 
each sampling event, vials were of sacrificial nature to maintain carbon equilibrium.  

 Culture cell density for inoculations was scrupulously controlled and growth rates 
measured in technical duplicate using CASY TT cell counting technology (Roche 
Innovatis AG, Switzerland), which operates via electric pulse area analysis to count 
suspended particles. 

  

Figure 8. Individual steps for centrifugal concentration, cell density measurement, dilution, 
seeding of C. reinhardtii cell cultures into T101/V4 vials, and incubation of vials on a lined 
tray. Biological replicates in vials were generated from independent flask cultures.  
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Growth rates were calculated as  

!"	 = 	%&(	 ()24h
()Inoculation)/,- 

where CD = cell density determined by CASY. With Δt = 1 day, the formula can be 
simplified to  

!"	 = 	%&( ()24h
()Inoculation) 

For exposure experiments, % growth rate inhibition was calculated as  

GRI = !"Control	#	!"Exposed!"Control  * 100% 

 

1.2. Direct-infusion mass-spectrometry (DIMS) metabolomics and lipidomics  

1.2.1. Sampling procedure 

 Modifying the procedure in ref. [235], algal cell suspensions were quenched by 
injection into an equivalent volume of -78°C 70:30 methanol:water (HPLC-grade, 
Fisher Scientific, UK) solution in 15mL tubes over dry ice. Quenched cell suspensions 

were centrifuged at 3800g and -11°C for 3min, and the supernatant aspirated. The 
number of cell pellet washes was first optimized in a pilot experiment (see results in 
Chapter 3), a single pellet wash was determined as optimal and used for all further 
experiments in this project. The wash comprised of resuspension of the cell pellet in 
10mL of -20°C 35% methanol:water, then repeating the centrifugation and supernatant 
aspiration (described above). Between centrifugation and aspiration steps, samples 
were stored in a custom mobile thermal bath between -20°C aluminum beads to 
minimize metabolic activity and avoid freezing of suspension and thus risk of cell lysis 
caused by lower temperatures. After aspiration, pellets were flash-frozen in liquid 
nitrogen, and all samples stored at -80°C until metabolite and lipid extraction.  

 

 

 



 
- 35 - 

1.2.2. Metabolite and lipid extractions 

Biphasic metabolite extractions were performed with a final solvent ratio of 
methanol:chloroform:water (Chloroform HPLC-grade, Fisher Scientific) of 2:2:1.8 
[328]. Cell pellets were thawed in randomized subsets of 24 tubes on ice, resuspended 

in 970µL ice-cold 70:30 methanol:water, and transferred into ice-cold homogenization 
tubes with 0.5 mm glass beads (VK05, Stretton Scientific, UK) on ice. Homogenization 
efficiency was found to be optimal using 0.5 mm glass beads as compared in an initial 
experiment (see Chapter 3), and thus used for all further experiments. Samples were 
immediately homogenized at 6800rpm for 2x15sec bursts using a Precellys-24 tissue 
homogenizer (Bertin, Montigny-le-Bretonneux, France). Samples were placed back on 
ice for 2min, then the supernatant (742µL) was transferred to a 1.8mL glass vial 
(aluminum-lined caps) containing 795µL of ice-cold 1:2 water:chloroform, to yield the 
final solvent ratio of 2:2:1.8. Vials were vortexed for 30sec and centrifuged for 15min 
at 2585g at 4°C to achieve phase separation. Half the polar phases each were 
aliquoted to two 2mL Eppendorf tubes using a glass syringe for metabolomics of the 
polar metabolite fraction for each untargeted assays using positive or negative ion 
mode. The nonpolar phase was aliquoted to a 1.8mL glass vial using a different glass 
syringe for untargeted lipidomics analysis. Syringes were washed in methanol or 
chloroform, respectively, between samples. Polar aliquots were dried in a SPD11V 
SpeedVac sample concentrator (Thermo Fisher Scientific, Waltham, USA) at room 
temperature, nonpolar extracts were dried using a nitrogen evaporator (VLM, 
Bielefeld, Germany). Extracts were stored at -80°C until reconstitution in injection 
solvent (see below). The same procedure was performed to generate an extraction 

blank sample for every phase aliquot. 

 

1.2.3 Direct-infusion mass-spectrometry (DIMS)  

 Sample preparation, direct infusion mass spectrometric analyses and data 
processing were performed after the procedure of Ref. [276]. Reconstitution solvents 
for the polar fraction were prepared as 80:20 methanol:water containing 0.25% v/v 
formic acid (98%; VWR, Lutterworth, UK) for positive ion mode and 80:20 
methanol:water containing 20mM ammonium acetate (98%; VWR, Lutterworth, UK) 
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for negative ion mode. Reconstitution solvent for the nonpolar fraction was 3:1 
methanol:chloroform containing 5mM ammonium acetate. To maximize the number of 
reproducibly detected m/z features, the dilution of the reconstituted algal extracts was 
first optimized using polar extracts (see results in Chapter 3). A reconstitution volume 
of 50µL injection solvent was found to result in the maximal number of unique m/z 
features post-processing, therefore this option was used for preparation of all further 
samples.  

 Reconstituted samples were vortexed for 30sec, centrifuged at 22,000g for 
10min, and 10 µl of each sample was combined into an intra-study quality control (QC) 
sample pool stored on wet-ice. All samples (biological, blank, QC) were plated as 
technical quadruplicates (10µl volume) on 384-well Abgene microtiter plates 
(Eppendorf, Stevenage, UK) in randomized order. Samples were bracketed by two 
QC samples at each beginning and end of each plate and interspersed by a QC 
samples at every 10th position. Plates were sealed with aluminum foil and stored at 
4°C until analysis. Untargeted metabolomics and lipidomics analyses were performed 
using an Orbitrap Elite mass spectrometer (Thermo Fisher Scientific, Waltham, USA) 
with prefixed direct-infusion nano-electrospray ionization (nESI) device (Triversa; 
Advion Bisociences, Ithaca, USA) controlled by Chipsoft software (Advion 
Bisociences, Ithaca, USA). Samples were cooled to 10°C during the analytical run.  

 Polar and nonpolar fractions of samples were run in either positive or negative 
ionization mode, respectively, as described individually in Chapters 3, 4 and 5. 
Acquisition conditions were for positive ion mode: 7µl of sample was aspirated and 

delivered to the chip-based nESI with a rate of 300nl/min, 0.3psi backpressure and 
voltage of +1.5kV (positive ion mode), or -1.5kV (negative ion mode). Voltage was 

supplied to the chip to maintain a stable current of 100 to 300nA. Sample acquisition 

was controlled by XCalibur software (Thermo Fisher Scientific, Waltham, USA) using 

an optimised spectral stitching method [276] to achieve increased sensitivity of the 
mass spectrometer towards low-concentration metabolites and increased resolution 

as compared to full scan collection of untargeted metabolomics and lipidomics data 
in DIMS.  

 



 
- 37 - 

1.2.4. Raw data processing and exploratory statistical analysis 

 Individual SIM-windows of samples were stitched into single mass spectra 
ranging 50-620 m/z for the polar assays and 190-1200 m/z for the nonpolar assay 
[276]. Spectra were ≥75% replicate filtered, global peak aligned with a 2ppm error 

tolerance, purity-filtered (peak bin-membership = 1), extraction blank filtered, QC-
based locally-estimated scatterplot smoothing- (LOESS) signal corrected [329], and 
≥80% QC sample-based peak filtered. Features with ≥20% missing-values were 
filtered out, and probabilistic quotient normalization applied [330]. RSD values for each 
m/z feature and median RSD were calculated for quality control of the data, and 
features in QC samples with RSD values >30% omitted from the data. For multivariate 
data analysis, missing values imputation (k-NN) was performed and the generalized 
log (glog) transformation applied. Outliers were removed if their measurements 
exceeded the 95% confidence interval derived for all the biological samples, within 
each dataset. Statistical tests (Welch’s t-test, Kruskal-Wallis test, ANOVA) were 
performed using R [331] and the R-Stats base package [331], PCA and PLS-DA 
conducted using MetaboAnalyst [332]. Further data analysis steps were undertaken 
as described in the individual chapters. 

 

1.3. Illumina transcriptomics  

1.3.1. Sampling procedure and RNA extraction 

 Cell suspensions were centrifuged in 4mL cryovials at 2,600g for 3min at 23°C, 
the supernatant aspirated and cell pellets flash frozen in liquid nitrogen. Sample were 
homogenized using QIAshredder columns (Qiagen, Hilden, Germany) which was 
found to supply optimal homogenization yields in an initial comparative experiment 
(See Chapter 3). Total RNA was extracted using RNeasy Plant Mini Kit (Qiagen, 
Hilden, Germany), and genomic DNA removed using RNase-Free DNase Set 
(Qiagen, Hilden, Germany), both as per manufacturer’s instructions. Extracted total 
RNA was eluted in 20µl of RNAse-free water (Qiagen, Hilden, Germany) and stored 
at -80°C. Estimation of total RNA concentration in RNA extracts samples was done 
using a Nanodrop-8000 Spectrophotometer (ND-8000-GL; Thermo Fisher Scientific, 
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Waltham, USA). Aliquots of each sample were diluted to 5ng/µl and tested upon an 
Agilent Tapestation 2200 (G2964AA; Agilent Technologies, Stockport, UK) using 
High-Sensitivity RNA screentape (5067-5579; Agilent Technologies, Stockport, UK) to 
ascertain that the RNA Integrity was of sufficient quality for downstream analyses 
(RNA integrity number equivalent RINe > 6.5). 

  

1.3.2. Illumina RNASeq  

  Samples were purified by use of the NEBNext® Poly(A) mRNA Magnetic 
Isolation Module (E7490L; New England Biolabs, Ipswich, USA) immediately prior to 
library construction. All RNA libraries were produced using the Biomek FxP (A31842; 

Beckman Coulter Ltd., High Wycombe, UK) with NEBNext Ultra II Directional RNA 
Library Prep Kit (E7420L; New England Biolabs, Ipswich, USA) and NEBnext Multiplex 
Oligos for Illumina Dual Index Primers (E7600S ; New England Biolabs, Ipswich, USA), 
using manufacturers instruction and 500ng of total RNA. Constructed libraries were 
assessed for quality using the Tapestation 2200 with High Sensitivity D1000 DNA 
screentape (5067-5584; Agilent Technologies, Stockport, UK). Multiplex library 
clustering and sequencing was performed upon the HiSeq4000 by BGI Copenhagen. 
Read counts were generated using paired-end strategy with reads of 50bp length and 
5 million reads per sample. All samples were multiplexed, the multiplex was 
sequenced on two lanes for technical replication [333]. Data were delivered as *.fastq 
format files. 

 

1.3.3. Raw data processing and statistical analysis 

 Trimmomatic v0.32 [334] was used to process raw reads to remove adapters and 
poor quality reads. FastQC v0.11.8 software2 was used to check read quality and 
generate quality plots. The reference genome of C. reinhardtii v5.5.42 [186] was 

 
2 bioinformatics.babraham.ac.uk/projects/fastqc 
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downloaded from ensembl genome database3, including non-protein coding genes. 
Gffread [335] was used to correct and change gff3 to gtf format, and STAR aligner 
v2.6.0 [336] was used for mapping reads. Resulting BAM files were used to generate 
read counts using featureCount software [337]. In-house R scripts were used to merge 
read counts of samples from the two lanes by summation and change format for 
downstream analysis. Steps for further data analysis are described in the individual 
chapters. 

 

  

 
3 plants.ensembl.org 
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2. Outlining the experimental design for omics-driven chemical 
MoA and putative molecular key event hypotheses 

 To optimize the capability of the experimental design to effectively hypothesize 
on chemical MoA and molecular key events for aiding construction of AOPs using the 

model C. reinhardtii, a number of criteria and parameters were considered (Figure 9). 
This section briefly discusses important considerations and justifications for the 
experimental design in line with Scientific Objective I of this thesis, and lists the 
requirements which the physical algal exposure system subsequently needed to fulfil 
to be suitable to support it. 

 

2.1. Overall strategy for showcasing omics-driven MoA and key event 
hypothesis 

2.1.1. Multi-omics driven fingerprinting of the algal stress response 

 As presented in Chapter 1, combined fingerprinting of the algal metabolome, 
lipidome and transcriptome during toxicant exposure appeared adequate to reveal 
molecular changes diagnostic of acute chemical MoA and hypothesize on putative for 
molecular key events to support construction of AOPs. This was here conducted using 

nESI-SIM-stitch-DIMS and Illumina HiSeq4000 platforms, characteristics of which are 
detailed in Chapter 1. The application of each however required a minimum of 
extractable C. reinhardtii / algal biomass per individual sample to generate 
reproducible signal and high-quality data, which needed to be confirmed 
experimentally (see Chapter 3) and supplied by the exposure system for each 
biological replicate. 

 

2.1.2. Selection of the specific molecular algal stress responses that were 
subjected to omics analysis during this project 

 Molecular effects of toxicity (i.e. chemical MoA) were the primary subjects of 
omics interrogation in this investigation. Selection of these was guided by Scientific 
Objective III., i.e. showcasing omics-driven chemical MoA and putative molecular key 
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event hypotheses. For increasing generalizability of and confidence in the proposed 
approach, this was conducted from two opposite perspectives (Chapters 4 and 5).  

 First, to enable comparability of omics-discovered toxicological information to 
existing knowledge and thus ‘calibrate’ the data analysis approach, the herbicidal MoA 

of carotenoid synthesis inhibition was selected as a well-described acute chemical 
MoA. Carotenoid biosynthesis is a pigment synthesis pathway generating critical 
intermediates and pigments to enable photoprotection and functional coloration in 
algae and the wider plant kingdom, thus conveying environmental relevance [338]. 
Various inhibitors of metabolic reactions in carotenoid biosynthesis are commercially 
available herbicides, and the caused chemical perturbations are well-described 
biochemically [339–342]. Evaluation of chemical-induced stress profiles measured 
with omics by comparison to existing knowledge thus promised to be an adequate 
starting point for trialing the here described experimental approach 

 The second perspective assumed was de-novo generation of information – the 
hypothesis of chemical MoA and putative molecular key events in AOPs from omics 
data using a toxicant with poorly-understood toxic effects in algae. Baseline toxicity 
describes the molecular effects on organisms of a class of non-reactive chemicals 

which are ubiquitous in industrial applications - approximately 60% of all industrial 
chemicals globally are estimated to primarily exhibit baseline toxicity [343]. A 
molecular mechanism of toxicity has to date not been elucidated in the plant kingdom.
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Figure 9. Abstract overview of the experimental design chosen for the project, including remodeling of the algal growth inhibition test to a single-
generation test on synchronized cell populations, description of the time-series sampling profile, factoring or replication and exposure 
concentrations, selection of chemical MoA and model toxicants, selection and quantification of AO induction, and requirements for generation of 
biological material for downstream omics analysis. 
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2.1.3. Maximizing applicability to chemical space, and selection of model 
toxicants 

 A set of model toxicants grouped was selected for the chosen chemical MoA with 
regard to financial feasibility and available time for carrying out experimental work. A 

small selection of toxicants along a more rigorous experimental investigation of the 
same is generally preferred for mechanistic investigations [168]. Further, the algal 
exposure system was required to feature coverage for a maximal chemical space, i.e. 
have capacity to reproducibly test various test compounds of varying physio-chemical 
properties, such as volatile or poorly water-soluble chemicals [79,344]. Two suitable 
chemicals, one for each of the selected MoA, were selected after reviewing a large set 
of candidate chemicals belonging to each chemical MoA grouping. Chlorobenzene is 
a nonpolar baseline toxicant belonging to the halogenated aromatic organic 
compounds. Its speculated molecular non-specificity [345,346], recalcitrance against 
catabolism in aquatic organisms [347], and high volatility (KH = 3.7E-3 atm*m3/mol 
[348]) render it a promising model for generating de novo information on baseline 
toxicity in algae using a tailored exposure system. Norflurazon (4-chloro-5-
(methylamino)-2-(alpha, alpha, alpha-trifluoro-m-tolyl)-3(2H)-pyridazinone) is a known 
inhibitor of the enzyme phytoene desaturase in algae and plants, and belongs to the 
carotenoid synthesis inhibitor herbicide class. Norflurazon is characterized by poor 
water-solubility (S = 33.7mg/L), and similarly low aquatic biodegradability [349]. The 
effects of the inhibition of the target enzyme is well-understood [339,350,351], 
knowledge on off-target and downstream effects of norflurazon on the other hand is 
scarce [34,252], rendering norflurazon an ideal candidate for confirmation of existing 

and generation of de novo toxicity data.  

 

  



 
- 44 - 

2.2. Aligning experimental design with assumptions of the AOP concept 

2.2.1. Phenotypic anchoring 

 A structural assumption of the AOP framework is that the molecular effects driving 
adverse phenotypical endpoints occur temporally prior to the latter. To align an 
experimental design for hypothesis of acute chemical MoA and putative molecular key 
events to support construction of AOPs, molecular signatures indicative of chemical 
exposure needed to be biologically linked to the adverse phenotype (i.e. adverse 
outcome AO), resembling the terminal anchor of the  cause-effect  chain of 
perturbation [108,165,352–355]. This phenotypic anchoring serves two purposes 
when considering novel methodologies for application in hazard assessment. First, it 
establishes mechanistic association of molecular to apical effects, so that abstract 
molecular phenomena can be considered predictive of regulatory endpoints per se. 
Second, it achieves a degree of comparability to existing test practices in order to 
judge and facilitate their applicability [49,353,356–358]. 

 For this project, the AO of algal growth inhibition (determined as decrease in 
population growth rate) was selected from a panel of endpoints commonly applied in 
environmental toxicology (Table 2). Compared to other proxy endpoints, algal growth 
inhibition has a direct association to population health (population-level AO),  a clear 
linkage to organism-level AO (rooted in inhibition of cellular division and equivalent of 
reproductive output), is reflective of algae’s ecological importance in aquatic food 
webs, and an established phenotypical endpoint in chemical safety assessment 
[359,360]. Further, this AO was simple to determine by automated cell density 
measurements post cell division events. 
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Table 2. Commonly applied endpoints on higher levels of biological organization for measuring 
algal toxicity induced by chemical compounds. Juxtaposed are type of endpoint, variables 
measured, required instrumentation and degree of biological insight gained. 

 

 Induction of AO in an exposure experiment ultimately needed to be confirmed to 
establish authenticity of recorded molecular fingerprints as stress profiles resulting 
from toxic insult. For such confirmation, twofold measures were integrated into the 
experimental design. First, AO induction (inhibition of population growth) was 
measured post cell division using CASY electronic cell counting, which is optimal 
regarding accuracy and counting speed for relatively homogenous cell populations of 

Type Endpoint  Variable measured; 
instrumentation required 

Biological insightfulness 

Sub-apical 

endpoints 

Lipid accumulation as stress 

response 

Lipid body size; FACS of lipid 

dyed cells 

Only spurious association with 

chemical MoA 

Whole-cell or 

population 

apical 

endpoints 

Photo-respirative inhibition 

Oxygen evolution; specific 

physical setup for chemical, 

optical or mechanical sensors 

Proxy measure for cellular 

metabolism; may be confounded by 

chemical MoA 

Inhibition of cell division 

(decrease of population growth 
rate) 

Cell density; automated cell 

counting or hemocytometer 
Direct relation to reproductive output 

Reduction in total population 

biomass 

Dry biomass; e.g. ammonium-

bicarbonate method [361] 
Direct relation to reproductive output 

Chlorophyll absorbance; 

spectrophotometer 
May be confounded by chemical MoA 
or by high-cell density self-shading; 
only partially correlated with biomass 
[362] 

Chlorophyll-fluorescence; 
spectrophotometer or pulse 
amplitude modulated (PAM) 
fluorescence devices 

DIC uptake; CO2 sensors 
Proxy measure for population growth,  

may be confounded by chemical MoA 

Carbon fixation; C14 labelling 

 

Proxy measure for population growth, 

may be confounded by chemical MoA 

Elemental composition CNP ratio; elemental analyzer 
Only spurious association with 

chemical MoA 
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structurally integer cells [363]. Second, associated exposure levels of the model 
exposure chemicals were confirmed by quantifying analytes in cell suspensions using 
gas-chromatography mass spectrometry (GC-MS, for volatile chlorobenzene) or 
liquid-chromatography tandem mass spectrometry (LC-MS/MS, for norflurazon). 

 

2.2.2 Remodeling of the conventional algal growth inhibition exposure system 

 Conventional regulatory guidelines for conducting algal growth inhibition tests are 
provided by OECD and ISO [359,360]. In brief, exposure of an algal species in 
exponential growth phase to a range of toxicant concentrations over a period of 72h 
under constant lighting conditions is prescribed. Measurement of biomass, cell density 

or other apical endpoints is performed at 24h-intervals. Though invaluable for 
standardization of environmental hazard assessment in the past, said guidelines were 
originally not designed towards the purpose of discriminating molecular markers of 
toxicological interest. For the hypothesis of chemical MoA and key events predictive 
of algal growth inhibition, molecular stress signatures of algal cell populations needed 
to be related to the terminal occurrence of the AO. This bore two important corollaries 
for an effective experimental design - the population-wide synchronization of cell cycle 
and physiological cell release, and the alignment of total test duration to cell cycle. 

 

2.2.2.1. Synchronization of algal cell cultures 

 Exposure and effect analysis of multiple life-stages within the same experiment 
are commonly avoided in environmental toxicity assessments due to introduction of 
confounding factors (differing activity of biological processes, vulnerability etc.), and 
initial matching of test organisms by life-stage is prescribed in the standardized OECD 
test criteria for virtually any employed environmental model organisms such as water 
flea [364,365], birds [366,367], bee [368,369], annelids [370,371], springtail [372], 
molluscs [373], amphibia [374,375] or fish [376–380]. As one of the few cell-based in 
vivo systems, test conditions for microalgal bioassays [359] do not have such 
requirement of initial matching of life-stage/cell-cycle. The conventional green algae 
growth inhibition test as prescribed by OECD and ISO [359,360] comprises exposure 
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of a microalgal species (commonly Raphidocelis subcapitata or Desmodesmus 
subspicatus) in exponential growth phase to a range of toxicant concentrations over a 
period of 72h under constant lighting conditions.  

 For the recommended test species and other green algae (e.g. genera 

Chlamydomonas, Scenedesmus, Chlorella), the phenomenon of population-wide 
light-driven synchronization of cell cycle and cellular division in form of multiple-fission 
cycles has been described extensively for cultures grown in defined alternating 
light:dark conditions [381–383]. Upon onset of light, metabolic energy is allocated to 
photosynthesis and cellular growth processes until the environment becomes deprived 
of light. Transition to dark triggers multiple rounds of replication and mitosis, release 
of daughter cells (zoospores) from the parent cell (zoosporangium), and basal 
respiration until the onset of light [384–386]. The degree of entrained coordination 
between cells in a given population is close to absolute [381].  

 The importance of aligning cell cycles across cell populations is common practice 
in other cellular models such as yeast or human cells [387], and its importance has 
been emphasized before for investigations into biological processes [388,389]. In 
algae, prior research efforts have leveraged the benefits of synchronized cultures for 

investigations into cell-cycle processes [197,386,390–393], for minimization of 
variability in metabolic profiles [394], for the improvement of toxicokinetic models 
[120,395], or for select toxicological studies [253–255,396,397]. However, only limited 
considerations of, and no conceptual argumentation for, the explicit importance of 
utilizing synchronized cell cultures for toxicological investigations appear to have been 
made thus far. As per the algal growth inhibition assay guidelines [359,360], algae are 
grown under continuous lighting conditions. Such culturing regimen leads to 
misalignment of cell cycle in algal populations and non-synchronized cell cultures, and 
thus non-specificity of molecular signatures from a particular sampling time-point to 
specific biological processes [398]. It stands to reason that such loss of the temporal 
dimension in analysis of biological and toxicological pathways diminishes potential for 
deduction of key events mechanistically associated with adverse outcomes [167,168]. 
Further, the recommended constant lighting conditions are not representative of 
natural environments, and overall lead to suboptimal metabolic efficiency in 
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microalgae [399]. Synchronizing cell cycles in algal populations (Fig. 10B) aligns time-
dependent cell cycle processes between all cells of an algal population [381,386], and 
in theory should grant the desired benefit of aligning potential chemical-induced 
perturbations of specific cell cycle processes over the population. Overall, expected 
benefits include increased specificity of omics signatures from given sampling time-
points to molecular functions and their perturbations, decreased confounding signals 
from overlaying cell-cycles, strongly improved capacity to investigate molecular 
temporal cause-effect chains inducing AO, and ultimately increased precision in 
hazard assessment using omics. 

 On these grounds, a specific investigation of the benefit of synchronized algal 
cultures for insightfulness of omics-profiles was warranted (conducted in Chapter 3). 
Consequently, C. reinhardtii cultures in this project were adapted for at least 120h to 
alternating light:dark conditions (12h light:12h dark cycling) prior to experiments to 
achieve cell cycle synchronization, and were tested under such conditions (Fig. 10B). 

 

2.2.2.2. Alignment of test duration to cell cycle and introduction of the single generation 
test format 

 The conventionally-applied 72h exposure duration (Fig. 10A) may prove 
additionally unfavorable in uncovering acute chemical MoA, and may generate high 
redundancy in information when using synchronized cell cultures. The 72h test 
duration prescribed by test guidelines [359,360] was designed to assess hazard via 
apical-endpoint induction using non-synchronized algal populations. In the context of 

capturing molecular effects of toxicity (indicative of acute chemical MoA) predictive of 
adverse outcome, this prescribed duration becomes arbitrary. 

 Ultimately, for a mechanistic investigation of acute toxic effects and determination 
of molecular key events that are predictive of successive induction growth inhibition, 
the answer does not lie in the absolute length of the exposure duration but in the 
biological anchoring, i.e. the duration which is minimally required to link molecular 
stress responses to successive phenotypical effects in a cause-effect chain. Work in 
this research project was restricted to investigation of acute toxicity (as manifested by 
the AO of growth inhibition) in algae induced by chemicals; investigation into other 
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manifestations of toxicity (including chronic-, trans-generational effects, etc.), or 
suggesting key events predictive of these, was not in the scope of this project. The 
definition of ‘acute’ toxicity/ MoA was here the significant inhibition of population 
growth of C. reinhardtii upon completion of a single cell cycle/generation. Molecular 
effects predictive of AO need to temporally precede the induction of adverse 
phenotype [400], in turn molecular effects occurring after AO induction are only 
relevant to next cell cycle/generation and were considered redundant molecular 
information in the induction of the preceding AO. 

 Reducing the test duration to encompass a single algal generation from newly-
released cells (first life-stage after division) up to cell division (temporal locus of AO), 
was considered sufficient for an acute chemical MoA investigation. The test duration 
of exposure experiments in this project was thus anchored to a single algal generation 
up the actual window of cell division/ AO occurrence (Fig 10B). This is assumed to 
harbor all molecular effects causative of AO in acute chemical MoA, i.e. the onset of 
cellular division in a single generation of C. reinhardtii cells in a given light:dark cycle. 
For the algal exposure system to enable such experimental design, experimental 

Figure 10. Abstract representation of the conventional and remodeled algal exposure schemes. 
(A) The conventional 72h test for algal growth inhibition conducted in continuous light conditions 
[12,360] generates samples with molecular signatures averaged over population and algal 
generations. The (B) single-generation test with light:dark cycling (effecting synchronized cell 
cultures) generates samples with precise molecular signatures specific to biological processes in 
cell cycle, and molecular effects are clearly linked to induction of a single window of AO induction 
(i.e. cell division events).  
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discovery of the locus of cell division in C. reinhardtii under experimental conditions 
was warranted (conducted in Chapter 3). 

 

2.2.3. Factoring and balancing temporal resolution, concentration-response 
analysis and replication 

 Scientific and regulatory circles called for omics experimental designs suitable for 
mechanistic investigation [49,146,157]. Specifically, these need to reflect scalable 
setups to support extensive factoring of exposure concentrations, sampling time-
points and replication to optimize biological insight into toxicological effects [161–
164,401]. Such investigations into concentration-response dynamics and temporal 

resolution of toxicological effects can be challenging and are often neglected 
[165,402]. 

 

2.2.3.1. Need for time-resolved investigation of toxicological processes in algae 

 Chemical MoA and associated AO-induction (as captured by AOPs) in organisms 
are no static phenomena and represent processes occurring over time [403]. 
Moreover, critical chemical MoA-dependent perturbation of molecular processes (e.g. 
such as those occurring over algal cell cycle) may be restricted to narrow time windows 
during exposure, or effects on different omics layers may be phase-shifted in time - 
and not measurable at single time-point designs [404]. Thus, time-course analysis was 
required for detailed characterization of dynamics and kinetics of molecular stress 
response. Unfortunately, this is rarely conducted in a well-resolved manner in omics 
research [108,165]. Two main considerations stood out for outlining the time-series 
that should be employed in this project.  

 First, the overall sampling pattern required careful construction, including the 
allocation of start and end of time-series in relation to C. reinhardtii lifecycle, and the 
spacing of the sampling time-points. This pattern should be free of prior assumptions, 
i.e. unbiased for omics discovery, and encompass a maximum of C. reinhardtii life-
stages between preceding and successive clonal generations. In practice, the time-
series required an anchoring of the earliest-feasible sampling time-point past the test 
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culture inoculation so as to not intervene the state of light-driven C. reinhardtii cell 
cycle progression, and anchoring of the latest-feasible time-point capturing nuclear 
division of cells, the biological event immediately preceding cellular division 
(cytokinesis) and thus window of AO occurrence. The latter was experimentally 
determined in Chapter 3. 

 Second, the frequency of sampling required consideration. Possibility of 
discriminating transient or phase-shifted molecular effects (e.g. downstream effects 
within different omics layers) from permanent changes (e.g. steadily increasing 
metabolite accumulation) increases with sampling frequency. On the other hand, 
physical feasibility of sampling played a role. A single time-point entailed cell harvest 
for multi-omics analyses (metabol-, lipid- and transcriptomics) along water chemistry 
samples for confirmation of exposure concentrations. The resulting time interval 
required for the sampling procedure needed to be less than the spacing between time-
points. Moreover, requirements of the data analysis strategy that was used to evaluate 
generated time series had an impact on selection of time-point frequency. Here, the 
project endeavored to distinguish molecular differences between chemical exposure 
levels over time-course by using an optimal combination of statistics- and biology-
driven analysis strategies [405]. These included exploratory multivariate analysis, 
determination of significant features (differential gene expression, significance 
testing), time-profile and phase-shift clustering, and metabolic pathway and gene 
ontology enrichment analyses of identified clusters and significant differences. 
Specific computational algorithms to conduct time-profile analysis of single- or multi-
omics data overall perform best with temporal resolution of more than 8 sampling time-

points [406]. Lastly, temporal resolution had to be balanced both with per-group 
replication (see below) to retain statistical power [404], and with available project 
funding. Considering the above, the experimental design was adjusted to 
accommodate a linearly-spaced sampling pattern to minimize missing of effect 
windows associated with biased patterns [400], with a moderately high number of 9 
sampling time-points (Fig. 11). 

 The first sampling time-point was anchored to the commencement of the 12h 
culture illumination phase. The prior required inoculation of test cultures was not 
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feasible in the dark phase without exposing algae to light and initiating light-regulated 
cell cycle progression [200,386], whereas an inoculation of the test cultures at the prior 
clonal generation would have been penalized with inaccuracy in culture cell density 
and loss of control of exponential growth patterns at required high cell densities for the 
tailored physical exposure system (see Chapter 3). Furthermore, algal biological 
activity in complete darkness is indicated to be largely limited to mitochondrial energy 
metabolism, which is maintained throughout the light phase [385,407–410]. 
Consequently, the proposed time-frame from commencement of light phase to 
sporulation covered the single largest set of molecular and cellular functions within a 
cell cycle that chemicals may perturb. The last sampling time-point was anchored to 

the time of cell cycle stage of nuclear division immediately preceding cell division and 
potential AO occurrence, as investigated in Chapter 3, with sampling frequency 
increased from 1.5h to 1h for the last 3 time-points to capture specific molecular effects 
related to nuclear and cellular division, which are functionally related to AO induction. 

 

  

Figure 11. Schematic representation of the sampling profile and frequency aligned to the cell 
cycle of C. reinhardtii up to cell division (window of AO occurrence, experimentally determined in 
Chapter 3). Experiment comprised culture seeding and exposure to chemical-spiked growth 
medium and linear sampling over 9 time-points. The last 3 time-points were slightly more frequent 
to capture specific molecular effects related to nuclear and cellular division (cytokinesis), which 
are functionally related to AO induction. These occur within narrow time-windows, and normally-
distributed over an algal cell populations within these windows.  
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2.2.3.2. Exploration of concentration-response dynamics of molecular effects 

 A critical criterion for increasing confidence in chemical MoA deductions and 
predictivity of hypothesized molecular key events for aiding construction of AOPs, and 
to distinguish adaptive from adverse responses, is the clear determination of 

concentration-response relationships [57,165,167,168,411–413]. The selection of 
exposure concentration levels to achieve phenotypic anchoring in this project was 
directed to enable overall concentration-response analysis (≥ 3 levels for indicating 
monotonic trends), and to induce a substantial effect size of molecular changes while 
avoiding acute cytotoxicity and necrotic effects in cells [414]. Accordingly, the 
application of 3 concentration levels (Control, EC20, EC40)4 was selected. Individual 
concentrations for chlorobenzene and norflurazon were determined by range-finding 
in Chapters 4 and 5. 

 

2.2.3.3. Optimizing replication per experimental group  

 The main criteria for selection of replication per sampling time-point and exposure 
concentrations was the available funding to the project and expected variance specific 
to each omics platform. There is unclarity in the specific application of power analysis 
to complex multi-omics datasets involving multi-factorial designs (concentration levels 
vs. time-points). Classical power analysis applies univariate statistical tests to simple 
Control-Treatment designs, and existing extensions of such approaches to omics 
experiments recording highly-dimensional multivariate datasets result in low statistical 
power [415]. When performing exploratory data analysis employing such datasets and 
experimental designs as for instance in the case of chemical MoA hypothesis, the 

nature and extent of the expected effects is not known, and attempting an association 
of statistical power with biological meaningfulness using these existing methods of 
power analysis would thus likely result in unrealistically-high numerical estimates on 
required replication. Metabolomics and lipidomics sample size in human- and 

 
4 ECx = Effect concentration x, i.e. concentration that induces adverse phenotype in x% of 
the population 
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environmental toxicology investigations are frequently n ≥ 5 per group. To balance 
maximally possible statistical power with available funding, here a sample size of n = 
8 was chosen for metabolomics and lipidomics data per time-point per concentration. 
Funds were further limited for the more costly Illumina RNASeq platform. However, 
low inter-group variance in next generation sequencing data is currently well-
achievable with lower sample sizes [389,406,416], thus transcriptomics sample size 
was restricted to n = 4. To avoid batch effects and increase data comparability, a split-
sample strategy was chosen to enable analysis of a split portion of the same biological 
replicates with each employed omics platform [304]. 

 

2.3. Summary: Requirements for an algal exposure system to suit and support 
parameters of the outlined experimental design 

 Overall, the outlined experimental design had the following requirements for the 
physical algal exposure system, as developed in Chapter 3: 

1) Supply of sufficient C. reinhardtii sample biomass 
§ Determination of common sample biomass ranges for each omics platform 
§ Confirmation of these regarding high quality extractable RNA and 

metabolites/lipids for C. reinhardtii in this study 
§ Adjustment of algal exposure system to supply sufficient biomass per 

sample 
2) Physical scalability of exposure system  

§ Generation of sufficient sample biomass at 9 sampling time-points, for 3 
exposure concentration levels, and 8 biological replicates  

§ Capacity for inclusion of additional replicate vessels (3 exposure 
concentrations, n=4) for measurement of AO induction, and additional 
medium sampling volume for exposure concentration analytics 

3) Support for soluble and volatile test chemicals via a closed test system 

 Further, two experimental investigations as conducted in Chapter 3 needed to be 
performed for a finalization of experimental design parameters: 
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• Indicate the benefit of synchronized algal cultures (12:12h light conditions) 
for omics-based fingerprinting studies 

• Pinpoint window of cellular division and thus of chemical-induced AO 
occurrence within C. reinhardtii cell cycle under experimental condition, 
towards allocate of sampling profile prior AO induction and specifically the 
terminal sampling time-point to locus of nuclear division (immediately 
preceding cell division i.e. AO occurrence window)  
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Chapter 3 
 

Improved Algal Toxicity Test 
System for Robust Omics-Driven 

Mode-of-Action Discovery in 
Chlamydomonas reinhardtii 5 

  

 
5 Contents (text, data, figures, tables) of this chapter were published in Metabolites, DOI: 
10.3390/metabo9050094 [417]. 
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1. Introduction 

 Algae are internationally established test organisms in chemical risk assessment 
[13,184,359]. Toxicity test guidelines incorporating algae are largely focused on 
traditional apical endpoints such as growth rates following a 72-hour chemical 
exposure. By consequence, no knowledge is obtained on the causes of chemical 
toxicity, nor on the generality of the chemical effects on other species. Increasingly, 
chemical risk assessment is sought to include New Approach Methodologies (NAMs) 
such as omics technologies to improve precision in the prioritization and chemical 
categorization of chemicals [418]. One application of NAMs is to increase confidence 
in cause–effect analyses by providing mechanistic evidence on the harmful effects of 
chemicals. This transition, from traditional whole organism endpoint-based to 
molecular pathway-based (eco)toxicology, is motivated by the application of high-
content transcriptomics and metabolomics, which have demonstrated a capability to 
discover biological processes [49,419,420]. 

 There is an overarching need for the establishment of tailored experimental 
designs and testing systems effective for omics-driven diagnosis of chemical MoA and 
hypothesis of putative key events predictive of adverse outcome on one hand, and 
associated demonstrations that omics applying developed approaches can in fact 
reliably and repeatably deduce chemical MoA and suggest such key events in AOPs 
of importance to hazard assessment. To develop a robust and scalable test system 
for omics-driven discovery of chemical MoA and toxicological key events in algae, a 
rigorously characterized algae culturing and exposure protocol with biological 
processes synchronized across all cells within a test population was first required, so 
to minimize molecular variation for the pathway-based cause-effect assessments. The 
exposure system was further required to feature minimal test duration to facilitate rapid 
measurements, and matching of the same to an algal lifecycle to allow accurate linking 
of the molecular perturbations to growth inhibition to address regulatory requirements 

of phenotypic anchoring [49,352–354,356]. Moreover, the exposure system needed to 
both support testing of insoluble and volatile toxicants to increase applicability of the 
system to a wider chemical space, such as the here selected volatile model baseline 
toxicant chlorobenzene, and feature high scalability towards extensive factoring of 
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exposure levels, sampling time-points and biological replicates such as those required 
by the outlined experimental design in Chapter 2. Lastly, exposure vessels needed to 
supply sufficient biological material for downstream multi-omics analyses, while 
exhibiting healthy population growth parameters. The successful design of such a 
robust test guideline should facilitate the generation of highly repeatable, high-quality 
multi-omics data. 

 As discussed in detail in Chapter 2, current algal growth inhibition test guidelines 
[13,359] recommend culturing in constant lighting, a condition that induces rapid drift 
and loss of cell-cycle alignment over a population of algae that are responsive to light-
regulation of the cell cycle [398]. In such a culturing regimen, samples for molecular 
analyses taken at any given time-point over the test duration will contain a cross-
section of individual cells performing simultaneously all of the biological functions in 
the algal cell cycle, leading to averaged molecular signatures that are non-specific to 
biological functions or condition dependent perturbations (Fig. 10A). Equally, apical 
endpoints (e.g., inhibition of cell division in algae) will be observable throughout this 
time course, preventing the possibility of biological and temporal anchoring of 
hypothesized putative molecular cause-effect chains to the adverse outcome (AO). To 
emphasize the challenging nature of interpreting molecular results from such 
experiments, an analogy is drawn to a hypothetical rodent bioassay with inclusion of 
ante-natal, neonatal, adolescent, middle-aged, old-aged and pregnant animal 
subjects, and pooling tissue samples from all of these life-stages to infer a chemical 
MoA. Loss of the temporal dimension in biological and toxicological pathways 
diminishes potential for deduction of biomarkers mechanistically associated with 

adverse outcomes [421,422]. There is a logical argument that just as life stage is 
controlled in vertebrate and invertebrate animal testing, similar considerations should 
be given to algal toxicity testing, which regrettably have so far been limited in scope 
[394,395]. Additional to culturing in constant lighting conditions, the 72h test duration 
prescribed by official test guidelines (OECD, ISO) may prove unfavorable, and 
generate high redundancy in information, when extending the conventional algal 
growth inhibition test towards investigations into chemical MoA that is associated with 
acute growth inhibition in a synchronized cell population. Following introduction of cell 
cycle synchronization, the aim here was to align test duration with the algal cell cycle, 
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to ultimately enable discovery of key events occurring before (and that are predictive 
of) acute growth inhibition. Here, the prime consideration was the biological anchoring 
of the test duration to the life-cycle of a single algal generation (Fig. 10B). 

 While omics technologies hold considerable promise for the discovery of 

chemical MoA [128,156,259,423], to date the majority of omics studies have been too 
small-scale to deliver on this promise in algae research. Seminal studies in microalgal 
toxico-omics include those by Nestler et al. [424], Jamers et al. [425] and Pillai et al. 
[426]. However, the majority of past study designs either tended to (i) scrutinize only 
single snapshots of molecular perturbation [246,253,256,258–260,424], (ii) apply test 
durations which lack a biologically-justified anchoring of sampling time-points 
[251,254,255,261,262,425,427], and/or (iii) utilize non-synchronized cultures over 
time-course experiments [231,243,257,263,426]. Overall, new robust, miniaturized 
and scalable designs in routine algal toxicity testing are required to allow extensive 
factoring of exposure concentration and biological replication over wide a time-
response surface to increase statistical power [146,428]. However, large scale studies 
factoring time and toxicant exposure are currently not supported by conventional 
microalgal toxicity test practices. For instance, recent multi-omics studies on C. 
reinhardtii feature experimental designs restricted in sample size, analytical 
methodology, and sampling time-points primarily due to lack of generatable biomass 
[250,427].  

 The challenge of generating sufficient biological material for omics analysis is 
particularly aggravated during the testing of volatile toxicants. Due to the CO2-
dependence of natural photoautotrophic growth, existing volatile test systems are 

incompatible with above-mentioned experimental designs. Conventional agitation- 
and aeration-based exposure vessel systems become highly cumbersome to 
maintain with increasing experimental scale, and maintenance of stable medium 
toxicant concentrations is difficult to non-feasible in open flask culturing. Historically, 
a variety of solutions has been proposed to reconcile autotrophic growth 
requirements with testing of volatiles, including modified flask culture with 2L air 
space [429], custom bipartite flasks [430], CO2-enrichment of the flask air-space 
[431], no-air-space testing without bicarbonate enrichment [432–436] or with 
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bicarbonate enrichment [437,438], or test tubes with extremely large air space 
[439,440]. The application of all of the above methods to large-scale and highly-
replicated multi-time-point (multi-)omics studies featuring extensive factoring over 
time and concentration levels is regrettably precluded. This is due to low cell densities 
and thus unfeasibly-high sampling volumina, problematic physical scalability and 
cost of idiosyncratic vessel set-up, disturbance of phase equilibria during repeat-
sampling procedures, strong pH drift over experimental durations, and often a 
combination thereof. 

 This chapter, in line with Scientific Objective II, covers the development and 
evaluation of a rigorously-defined C. reinhardtii exposure system that is suitable to 
fulfil the specific requirements of the outlined experimental design (Fig. 9).  
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2. Materials and Methods 

2.1. Algae Culturing and inoculation of test cultures 

Chlamydomonas reinhardtii was cultured and test cultures prepared and inoculated 
as outlined in Chapter 2. 

 

2.2. Initial optimization of C. reinhardtii homogenization yields 

 Initially, optimization steps were undertaken to increase extraction yields of C. 

reinhardtii metabolites, lipids and total RNA from cellular biomass towards 
downstream omics analyses. To maximize metabolite and lipid extraction yield, 
homogenization efficiency of 3 types of homogenization beads was compared. Prior 
to development of CGM medium (See Chapter 2 and below), algae were grown Bold’s 
Basal medium (BMM) supplemented with 15 mg/L NH4Cl and Kropat’s trace elements 
([320,441]). 20 mL of cell suspension of was sampled from exponential growth phase, 
centrifuged at 3800 x g for 3min (23 °C), and the cell pellet diluted with phosphate-
buffered saline (PBS, pH 7.4; Sigma-Aldrich, Gillingham, UK) to a density of 5.25 x 
106 cells/mL. 1 mL of the suspension was centrifuged at 3800 x g for 3min, the 
supernatant aspirated, and the cell pellet flash frozen. The cells were resuspended 
with 1mL ice-cold 71%, and the resuspension filled into the different ice-cold 
homogenization tubes (n=4) containing either 2.8mm steel beads, 1.4mm ceramic 
beads or 0.5mm glass beads (MK28R, CK14, VK05; Stretton Scientific, Stretton, UK). 
Samples were homogenized at 6500rpm for 2x15sec bursts on a Precellys-24 tissue 
homogenizer (Bertin, Montigny-le-Bretonneux, France). 750 µl of supernatant were 
transferred to 1.5mL tubes, centrifuged at centrifuged at 7000 × g for 3 min (4 ◦C). The 
supernatant was transferred to another 1.5mL tube, and diluted with 3.25 mL of ice-
cold 71% methanol:water. The 4 mL sample was transferred to a quartz cuvette and 
optical density measured at 450nm (OD450nm) as proxy to determine relative amounts 
of various polar and non-polar plant pigments in the liquid phase [442]. OD450nm 

measurements were taken on a Biochrom Uv/vis Spectrophotometer (Libra S32; 
Biochrom Ltd., Cambridge, UK). Homogenization with 0.5 mm glass beads was found 
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to lead to the highest homogenization efficiency by proxy of OD450nm, and was used 
for all further experiments in this work. 

 To maximize extraction yield of total RNA, three types of homogenization 
protocols were compared. 20 mL algae grown in BBM (see above) were sampled from 

exponential growth phase, centrifuged at 3800 x g for 3min (23 °C), and the cell pellet 
diluted in PBS to yield a cell concentration of 1 x 107 cells/mL. 1 mL (n = 4 per group) 
of this suspension was sampled to a 4mL cryovial, centrifuged at 2,585 x g for 3min 
(23°C), and supernatant aspirated. The cell pellet was flash frozen in liquid nitrogen, 
then resuspended in 450 µL RLT-buffer (Qiagen, Hilden, Germany) with 1:100 parts 
β-mercapto-ethanol (Sigma-Aldrich, Gillingham, UK) and thawed at room 
temperature. N = 4 samples were not mechanically homogenized at all, n = 4 samples 
homogenized using QIAshredder columns (Qiagen, Hilden, Germany), and n = 4 
samples were homogenized using 0.5 mm glass beads in homogenization tubes 
(VK05; Stretton Scientific, Stretton, UK) using the Precellys-24 tissue homogenizer. 
Total RNA extraction of all sample groups was then performed using RNeasy Plant 
Mini Kit (Qiagen, Hilden, Germany), including genomic DNA removal using RNase-
Free DNase Set as per manufacturer instructions (Qiagen, Hilden, Germany). Total 
RNA concentration of 20 µL eluate was measured on Nanodrop as described in 
Chapter 2. Homogenization using QIAshredder columns was found to yield highest 
homogenization efficiency regarding total RNA, and was used for all further 
experiments in this work. Statistical significance of differences was assessed using 
Welch’s t-test in R software. 

 

2.3. Determination of required biomass for omics platforms 

 An experiment was conducted to confirm the amounts of total RNA extractable 
from C. reinhardtii biomass and sufficient for downstream analysis by Illumina 
HiSeq4000 and DIMS platforms. Literature research was conducted and service 
providers (BGI Copenhagen, RNA sequencing service) contacted. The sufficiency of 
retrieved ranges of C. reinhardtii biomass and the associated extractable biological 
material were experimentally confirmed as follows. Here, prior to the development of 
CGM growth media (outlined in Chapter 2), algae were initially cultured in BBM as 
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describe above. Cells were grown under 12 h:12 h light:dark conditions to stationary 
phase and harvested by centrifugation at 3800 x g for 3min in 50 mL tubes. Statistical 
significance of differences was assessed using Welch’s t-test in R software. 

 For confirmation of extractable total RNA towards transcriptomics analyses, cell 

pellets were diluted in BBM and cell densities measured using CASY cell counting to 
yield a range of total cell numbers (encompassing retrieved ranges) per tube of 1 x 
107 cells, 5 x 106, 3.72 x 106, 2.5 x 106, 1.86 x 106, 1.25 x 106, 9.3 x 105 and 4.8 x 105 
cells (n = 4). Cells were centrifuged, flash frozen, total RNA extracted, and RNA 
concentration and integrity determined as outlined in Chapter 2.  

 For confirmation of the sufficiency of extractable metabolites (from retrieved C. 
reinhardtii biomass recommended ranges towards metabolomics analyses), cell 
pellets were diluted in BBM and cell densities measured using CASY cell counting to 
yield a final total cell number of 5.25 × 106 per tube (n = 3). Cells were centrifuged at 
3800 x g for 3min, supernatant aspirated and pellets flash frozen in liquid nitrogen. 
Metabolite extraction and DIMS analysis of the polar fraction was performed as 
described in Chapter 2. The effects of dilution of the reconstituted metabolite extracts 
on the detectability of unique m/z features in positive ion mode DIMS analysis were 

characterized. Polar sample extracts of triplicate samples were reconstituted in each 
50 µL injection solvent (neat) and diluted 3-fold, 9-fold, 27-fold and 81-fold with 
injection solvent. Numbers of unique features before pre-processing (after peak 
alignment, including blank features), and after blank- and sample filtering that retain 
only features found in 100% of samples were calculated. The ‘neat’ resuspension 
volume (50 µL) yielded the highest number (4602) of unique m/z features after sample 
filter, with decreasing number of features with increasing dilution (3-fold = 3813, 9-fold 
= 2204, 27-fold = 1540, 81-fold = 694). Therefore, this option was used for preparation 
of all further metabolomics samples. 
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2.4. Development of a customized growth medium CGM 

 Sueoka’s base HSM medium with Kropat’s trace elements [319,320] was 
modified towards development of a custom growth medium CGM as described in 
Chapter 2. To minimize occurrence of palmelloids (non-released zoospores within 

parent cell membrane) and phosphate ion-suppression in mass spectrometric 
analysis, experimental comparisons were made between 3 different levels of 
phosphate supplementation, were algae were grown in 12 h:12 h light:dark cycles in 
CGM containing either 1.44 g/L K2HPO4 and 0.72 g/L KH2PO4 (Equivalent to Sueoka’s 
HSM), 108 mg/L K2HPO4 and 54 mg/L KH2PO4 (92.5% reduction from HSM), or 
48mg/L K2HPO4 and 24 mg/L KH2PO4 (96.6% reduction from HSM). Cells were 
seeded in open flasks under 12 h:12 h light:dark cycles at 1.5 x 104 cells/mL, and cell 
density was counted for > 120 h (n=4). Samples were checked for occurrence of 
palmelloids using CASY, the latter confirmed by light microscopy (DM750M; Leica 
Camera AG, Wetzlar, Germany). pH was measured using an Orion Star benchtop pH 
meter (A211; Thermo Scientific, Rugby, UK), and growth curves were plotted using 
Graphpad Prism 6 software. A further experiment was conducted, comparing pH drift 
(n = 2) of algal cell cultures incubated for 72h in open flasks, inoculated at 1.5 x 104 
cells/mL over varying levels of MOPS buffer (20mM, 6.6mM, 2mM, 0.66mM) in CGM 
containing 92.5%-reduced phosphate levels, pH 6. 

 To optimize growth of C. reinhardtii seeded in closed vials, three experiments 
were conducted and algae seeded in vials as described in Chapter 2. In the first 
experiment, cells were grown in vials filled to the brim (no air space) over a range of 
inoculation cell densities from 3 x 105, 4.5 x 105, 6 x 105, 7.5 x 105  and 1 x 106 
cells/mL, in CGM supplemented with either 250 mg/L or 500 mg/L NaHCO3 and pH 
adjusted to 6 to shift carbon equilibrium towards photosynthetically-available carbonic 
acid species [326]. In the second experiment, cells were grown in vials with either 0%, 
5% or 10% air-space over a range of inoculation cell densities from 7.5 x 105, 1 x 106 
and 1.25 x 106 cells/mL with either 250 mg/L or 500 mg/L NaHCO3 supplementation at 
pH 6. In the third experiment, cells were grown in vials at 7.5 x 105 cells/mL and 500 
mg/L NaHCO3 supplementation (pH 6) over a range of either 0%, 2.5%, 5%, 7.5%, 
10%, 12.5% or 15% vial air-space.  
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2.5. Optimization of the sample purity for mass spectrometric analyses 

  Another experiment was conducted to reduce influence of sample contaminants 
from growth medium and consumables on mass spectrometric analyses. Here, the 
number of washes of the cell pellet before flash freezing was optimized in a pilot study 

by comparing n = 10 samples (each 7mL of 7.5 x 105 cells/mL from exponential growth 
phase) from each of three groups: no wash, single wash of cell pellet, or two washes. 
Samples were first centrifuged and supernatant aspirated as described in Chapter 2, 
then different washing regiment of the cell pellet (no wash, single or double wash) 
were applied per group. “No wash” cell pellets were flash frozen in liquid nitrogen 
immediately. For “single-“ or “double wash” groups, each wash comprised of 
resuspension of the cell pellet in 10 mL of −20 °C 35% methanol:water, then repeating 
the centrifugation and supernatant aspiration steps before flash freezing. Metabolite 
extractions, DIMS analysis of the polar metabolite fraction (positive ionization mode) 
and data processing was performed as described in Chapter 2. A single pellet wash 
was determined as optimal and used for all further experiments in this study. 

 

2.6. Comparison of synchronized and non-synchronized cell cultures 

 The next experiment compared the metabolic phenotypes and mitotic activity of 
cell cultures grown under continuous lighting versus those grown under alternating 12 
h:12 h light:dark cycles. Algae grown in either condition were seeded in vials as 
described in Chapter 2. Samples were taken at 4 h 15 min (±15 min), 8 h 15 min (±15 
min) and 12 h 15 min (±15 min) post-seeding. 5.25 × 106 (7 mL) were taken from 
synchronized samples at every time-point, and sampling volumina of the non-

synchronized samples were adjusted to match this cell number by prior CASY 
electronic cell counting. As described in Chapter 2, cells were harvested and stored at 
−80 °C until combined metabolite extractions. DIMS analysis of the polar metabolite 
fraction (positive ionization mode) and data processing was carried out as described 
in Chapter 2. 

 Over the course of this study, further samples were taken for flow cytometric 
measurements of genomic material in cell particles at 4 h, 8 h, 12 h and 16 h post-
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seeding for non-synchronized cultures, and 3 h, 6 h, 9 h, 11 h, 13 h, 14.5 h, 16 h, 18 
h post-seeding for synchronized cultures. 1 × 106 cells were sampled (n = 3), 
centrifuged at 7000× g for 3 min (23 °C), pellets washed once in 1 mL PBS, and cells 
fixed in 70/30 ethanol:water (HPLC-grade; Fisher Scientific, Loughborough, UK) for 
24 h at 4 °C. This last step served to permeabilize cells for propidium iodide (PI) and 
to extract chlorophylls which might interfere with the PI emission spectrum [443]. The 
cells were washed again in 1 mL PBS and incubated in the dark for 30 min in 500 µL 
PBS containing 0.1 mg/mL RNAse-A (Qiagen, Hilden, Germany) and 0.01 mg/mL PI 
in water (94%; Sigma-Aldrich, Gillingham, UK). For 1 × 104 particles per sample, PI 
fluorescence was measured using a Becton Dickinson FACS-Calibur (488 nm 

excitation, bandpass filter 610/10), and analyzed using open-source Flowing 
Software6 v2.5.1. Absence of chlorophyll interference was confirmed with non-stained 
cell samples. Due to haploidy of C. reinhardtii vegetative cells, discrete peaks in per-
particle fluorescence intensity histograms from cells sampled at a given time were 
equated either to the number of genome copies present within each cell particle 
(zoosporangia or zoospores) post nuclear division. Fluorescence areas in between 
discrete peaks were assigned as cells currently undergoing DNA replication and 
assigned as ‘S-phase’. Growth curves of both culture regimen were determined using 
CASY cell-counting, at 2–4 h intervals for non-synchronized cultures and at higher 
resolution (30 min intervals) at the light:dark transition for synchronized cultures. 

 For each sampling time-point, vials were of sacrificial nature to maintain carbon 
equilibrium. Synchronized cell culturing was determined as a preferable option to non-
synchronized cultures for this project as described in the results section, and used in 

all further experiments in this work. 

 

2.7. Vial Exposures for concentration-response experiments 

 To expose cells, quadruplicate independent culture batches of synchronized 
cultures were grown in open flask culture, and seeded in vials as described in Chapter 

 
6 flowingsoftware.btk.fi 
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2. Preparation steps were restricted to a maximum duration of 30 min within the onset 
of light phase. Culture cell density for inoculation was scrupulously controlled and 
growth rates measured in technical duplicate using CASY cell counting. 

 Experiments conducting toxicity tests on synchronized cell cultures were 

performed using chlorobenzene (CB, 99.9%; Sigma-Aldrich, Gillingham, UK) as a 
volatile substance, and 3,5-dichlorophenol (3,5-DCP, 97%; Sigma-Aldrich, Gillingham, 
UK) and potassium dichromate (K2Cr2O7, 99%; Sigma-Aldrich, Gillingham, UK) as 
reference substances. All tests were performed with biological quadruplicates. C. 
reinhardtii was exposed to 3,5-DCP at 0, 0.6, 1.2, 2.4, 4.8 and 9.6 mg/L. Cells were 
exposed to K2Cr2O7 0.05, 0.16, 1 and 10 mg/L, using CGM devoid of the chelating 
agent EDTA. Cells were exposed to CB in three independent experiments at individual 
concentration ranges: 0, 15, 24, 38, 60, 95 mg/L (repeat 1, for range-finding); 0, 3.5, 
7, 10.5, 14, 17.5, 21, 25, 37.5, 50 mg/L (repeat 2, adjusted range to encompass curve 
slope); 0, 1.5, 3, 6, 12, 18, 25, 36, 48 mg/L (repeat 3, for focus on environmentally-
relevant lower end of concentration-response curve). 4-parameter log-logistic 
concentration-response modeling and effective concentration (EC) estimation was 
performed using open-source R software [331] and the drc package [444]. 

 

2.8. Measurement of chlorobenzene exposure concentrations over time  

 To measure concentrations of chlorobenzene in test medium and stability of 
concentrations in vials over time, algae were incubated in vials with growth medium 
spiked with 14 mg/L or 24 mg/L CB (nominal) for 12 h 15 min. At 0 h and 12 h 15 min, 
100 µL (n = 4) was injected into 20 mL headspace vials with PTFE-lined septa 

(Scientific Glass Laboratories, Stoke-On-Trent, UK) containing 9.7 mL CGM and 100 
µL 0.8M H2SO4 for fixation. Samples were stored in the dark at 4 °C. 100 µL of 10 
mg/L d5-chlorobenzene (99 atom-%; Sigma-Aldrich) in CGM was added prior to 
analysis (final concentration 0.1 mg/L). Headspace GC-MS was performed on an 
Agilent 5975B inert XL MSD, using a DB-624 column (30 m × 0.25 mm i.d. × 1.4 µm) 
and Gerstel Autosampler MPS2. Analytes were identified using target m/z = 112 and 
qualifier m/z = 77 (CB); target m/z = 117 and qualifier m/z = 82 (d5-CB). The sample 
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sequence was randomized, and quantification of chlorobenzene was performed 
relative to d5-chlorobenzene. 

 

2.9. Variability characterization of the tailored closed-vial exposure system 

 A further exposure experiment was conducted to compare the metabolite 
phenotypes of synchronized cell cultures in pure growth medium (control) versus cells 
exposed to 25 mg/L CB, repeated three times, to characterize the metabolic variability 
and repeatability of data generated in the exposure vial system. Ten biological 
replicates for each of the control and CB groups were seeded in capped vials, 
incubated for 3 h, harvested, and cell pellets stored at −80 °C until metabolite 

extraction as described in Chapter 2. This experiment was repeated three times in 
identical set-up with a duration of 5d between experiments. Metabolite extraction was 
performed for all samples of the three repeats combined. DIMS analysis of the polar 
metabolite fraction (positive ionization mode) and data processing was carried out as 
described in Chapter 2. 

 Statistical tests (Welch’s t-test, Kruskal-Wallis test, ANOVA) were performed 
using R and the R-Stats base package, and PCA and PLS-DA were conducted using 
MetaboAnalyst v4.0 [445]. Set enrichment analysis was performed with the Broad 
Institute Java-based GSEA tool [446]. This method calculates an enrichment score of 
a supplied set S of variables against test data, to determine whether variables of S 
occur tendentially within the m/z features that are high-ranking in importance for 
separation of phenotype in the test data. S commonly comprises elements of a 
biological pathway (pathway enrichment analysis), however may contain individually 

defined variables. Here, S comprised m/z features with high LFC of one biological 
batch, which were checked for enrichment against LFC-ranked lists of m/z-values in 
the other biological batches. Thus, it was determined whether those m/z-values that 
were responsible for LFC-driven phenotype-separation in one biological batch were 
equally important in the other biological batches. Strength of the enrichment was 
calculated using NES metric (normalized enrichment score), significance determined 
by estimating false-discovery rate corrected p-values using 1000-fold permutation of 
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the m/z features. m/z features within S deemed most impactful towards a high 
enrichment metric NES are referred to as the leading edge subset (LE, [446]). 
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3. Results and Discussion 

 

3.1. Designating margins of minimally required biomass for omics platforms  

 An approximate lower margin of required C. reinhardtii biomass to achieve 
reproducible data in metabolomics and lipidomics studies has been reported at ca. 2-
2.5 x 106 algal cells per assay [235,284], i.e. 4-5 x 106 algal cells for split-phase ion 
mode metabolomics and lipidomics assays. Similar values were reported for 
transcriptomics [221,225,386,447] or proteomics [242,253], and a recommended 
minimum for the desired Illumina transcriptome sequencing was indicated at >500ng 
total RNA per sample (BGI, personal communication). For this project, these values 
were slightly raised to the desired benchmark of 5.25 x 106 cells per sample for DIMS 
metabolomics and lipidomics, and to 750ng extractable total RNA per sample Illumina 
RNAseq. This was to allow for potential differences in applied methodology, loss of 
material during sampling, or extraction inefficiencies.  

To confirm sufficiency of the retrieved values for downstream DIMS and Illumina 
RNASeq, the homogenization processes of both metabolites/lipids and total RNA were 
first optimized before conducting trial extractions to target desired biomass 

Figure 12. Comparison of efficiency of homogenization methods. (A) Downstream 
metabolite and lipid extraction efficiency by proxy of optical absorption (arbitrary units 
a.u.) at 450nm of suspended plant pigments in 71% methanol:water solution (5.25 x 
106 cells), comparing 1.4mm ceramic beads, 0.5mm glass beads or 2.8mm steel 
beads. (B) Extraction efficiency of 0.5mm glass beads, QIAshredder homogenization 
and no homogenization, measured by total RNA extraction yields from 1 x 107 cells  
in 20 µL eluate using Nanodrop-8000.  

A B 
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benchmarks. Metabolite, lipid and total RNA extraction processes have been 
developed extensively for larger amounts of algal biomass, however less so for algal 
cell homogenization of small cell pellets [235,328,448]. Towards metabolite and lipid 
extraction, homogenization efficiency of a cell pellet containing 5.25 x 106 cells using 
2.8 mm steel, 1.4 mm ceramic and 0.5mm glass bead was assessed by comparing 
optical density at 450nm of homogenized cell suspensions (Fig. 12A), a wavelength 
at which manifold polar and non-polar plant pigments are responsive in their respective 
absorption spectra [442]. 0.5 mm glass bead homogenization yielded a clearly 
observable and statistically significant maximum in OD450nm when compared to 
ceramic or steel beads (Welch’s t-test; p = 9.94 x 10-3, p = 3.79 x 10-2, respectively), 

and was thus selected for all further experiments. For cell pellet homogenization 
efficiency towards total RNA extractions, non-homogenized cell pellets of 1 x 107 cells 
were compared to those homogenized by Qiagen QIAshredder columns, or 
homogenization by 0.5mm glass beads (Fig. 12B). A reduced but non-zero amount of 
RNA extraction was to be expected in non-homogenized samples undergoing cell lysis 
by thaw-freeze processes [449] and lysis buffer. Concordantly, the relatively lowest 
but still substantial total RNA yields were observable for this group of samples. 
QIAshredder homogenization yielded the highest total RNA yields, although neither 
statistically significant from bead homogenization (Welch’s t-test; p = 5.15 x 10-1) nor 
from no homogenization (p = 5.8 x 10-2). However, given ease of use of QIAshredder 
columns in contrast to bead homogenization and an observable trend towards higher 
total RNA extraction yields, this option was selected for all subsequent experiments.  
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Table 3. Unique m/z features in positive ion mode DIMS spectra, from samples featuring 
various degrees of dilution of injection solvent. Shown are peak numbers after alignment, 
after blank and after 100% sample filter (average of n = 3). A reconstitution volume of 50 µL 
(“Neat”) injection solvent was found to result in the maximal number of unique m/z features 
post-processing. 

 

 

 

 

 

 

 

 Next, after selecting optimal homogenization procedures, the sufficiency of the 
desired cell number benchmarks for DIMS metabolomics and lipidomics was 
confirmed. N = 3 cell pellets of 5.25 x 106 cells were extracted, sample extracts 
resuspended and analyzed along 3 dilution levels in DIMS (positive ionization mode) 
for maximum of measurable m/z features. Table 3 supports the conclusion that a 50 
µL resuspension volume did not induce substantial ion suppression in the mass 
spectrometer nor inhibit nESI spray stability. The numbers of measurable m/z features 
post data processing were within expected ranges [276] and can be assumed 
approximately equivalent for the negative ion assay. Following from this, a cell pellet 
of 5.25 x 106 cells was designated as a sufficient benchmark for downstream DIMS 
analyses.   

 Second, the desired total RNA yield benchmark (750ng) per sample required 
towards Illumina transcriptomics was translated to cell density equivalents. Total RNA 
was extracted from cell pellets comprising a range of 5 x 105 to 1 x 107 cells (Fig. 13A). 
Increases in extractable total RNA were linear with increasing cell number, despite 
loss of samples during extractions for some groups. RNA integrity (RINe) was > 9 for 
all samples, suggesting a high-quality RNA extraction process (Fig. 13B). The desired 
value of 750ng total RNA for downstream Illumina RNASeq was anchored here to the 
lower margin of 95%-confidence interval of a linear regression-model of the cell curve, 

Dilution After alignment, incl. blank After blank filter  After sample filter (100%)  

Neat 14115 7649 4602 

3x 12986 6409 3813 

9x 11563 4888 2204 

27x 10008 3310 1540 

81x 9591 2881 694 
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i.e. ~ 2 x 106 cells (Fig. 13A), in line with material amounts previously reported as 
sufficient for C. reinhardtii transcriptomics [221,225,386,447]. 

 

 

 In sum, a suitable exposure system was required here to supply 2 x 106 + 5.25 x 
106 = 7.25 x 106 cells per individual sample. As discussed in Chapter 2, a type of 
miniaturized exposure vessel was further needed that could allow generation of this 
minimally required biomass, permit an experiment running 228 vessels in parallel (3 
concentration levels, 9 time-points, n = 8 per group, +12 vessels for AO measures), 
and have low to no volatilization loss of volatile chemicals over test duration. Among 

commercially available vessels, T101/V4 10.5mL glass vials were found as optimal 
compromise between vial size/ scalability (for free-rolling incubation on a custom-
made lined vial tray) and contained liquid and gas volumina.  

Figure 13. Scatterplot (A) of extracted C. reinhardtii cells vs. extractable total RNA as measured 
by Nanodrop 8000 (n = 1-4 per group). A linear regression line along 95%-confidence interval 
was plotted for all sample groups. The RNA integrity number equivalent (RINe) plotted as 
boxplot (B) over all groups, with indication of the minimal RINe = 6.5 threshold required for 
transcriptome sequencing (https://www.bgi.com/us/sequencing-services/rna-sequencing-
solutions/transcriptome-sequencing/; Accessed 07/05/18). 

A B 
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3.2. Development of a customized growth medium for closed-vial exposures 

 A custom growth medium CGM was developed to enable generation (upscaling) 
of healthy C. reinhardtii biomass in open flask culture and in subsequent closed-vial 
experiments. Sueoka’s high salt medium HSM [319] was used as foundation for a 
high-nutrient density medium, and a revised trace element supplementation was 
selected for maximizing population growth rates [320]. First, calcium and magnesium 
salt concentrations were increased above equivalent concentrations of the chelating 
agent ethylenediamine-tetra-acetic acid (EDTA), to avoid induction of palmelloid cell 
aggregates of exponentially dividing cells that remain within the mother cell membrane 
after division and generally progress slowly through cell cycle [322,323,450]. The latter 
would confound molecular signatures and their temporal trajectory when interrogating 
algal cell populations for cell-cycle specific effects indicative of acute chemical MoA.  

 Phosphate ion levels were reduced to further decrease palmelloid formation and 
ion-suppression in mass spectrometry [238,321,323,450]. Renberg et al. [238] 
reduced phosphate concentrations by 94% of HSM medium, inducing no apparent 
inhibitive effect on C. reinhardtii population growth rates. These values were used here 
as benchmark, and comparative incubation experiments to minimize phosphate 
supplementation were conducted (Suppl. Fig. SI-1) of C. reinhardtii grown under 12h: 
12h light:dark cycles in open flasks, containing CGM along HSM-equivalent- (“High 
phosphate”), 92.5%-reduced-, or 96.6% reduced-phosphate supplementation. 
Complete lack of palmelloids was achieved with either of the reduced-phosphate 
supplementation, as compared to high phosphate levels, where presence of cell 
aggregates was appreciable in CASY and confirmed via light microscopy. Slight lag of 
population growth in C. reinhardtii grown on even higher reduction of phosphate levels 
(98%-reduction from HSM) was previously observed [238]. A similar effect was 
appreciable here for the 96.6%-reduced phosphate group (Suppl. Fig. SI-1), 
additionally growth did not reach the same ultimate cell density at begin of stationary 
phase. Maximal growth rates were achieved in 92.5%-reduced phosphate medium, 

hence this level of supplementation was selected for all further experiments.  
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 To increase pH-buffering capacity resulting from reduced phosphate levels, the 
growth medium was further supplemented with MOPS buffer. A comparison of various 
levels of MOPS supplementation resulted in pH drift of >0.5 per day in open flasks for 
all groups except 20mM (Fig. 14), and strong instability of pH over 72h for 2.2mM 
MOPS and below. pH drift in culturing for test preparation or over test duration should 
ideally not exceed <0.5 as per OECD test guideline [12], larger pH drift up- or 
downwards may change toxicant bioavailability or affect healthy growth of algae 
[451,452]. Accordingly, 20mM MOPS supplementation was selected for all further 
studies. 

  

Figure 14. pH drift of C. reinhardtii cell suspensions in CGM containing 92.5%-reduced 
phosphate supplementation (open flask culturing), over varying MOPS-buffer 
supplementation (n=2). Only 20mM MOPS supplementation showed a pH drift of 
acceptable magnitude as per OECD guideline below 0.5 over the targeted test duration of 
24h, which was hereafter used for all further experiments. 
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 Next, CGM was modified to achieve healthy growth parameters under 
experimental conditions in selected T101/V4 vials, and to enable supply of sufficient 
biomass of ≥ 7.25 x 106 cells per vial for downstream omics analyses. The mean true 
vial volume of T101/V4 vials, including volume of the inner neck and cap structure, 
was experimentally determined as 11.14mL (n = 10; Suppl. Table SI-T1). NaHCO3 
supplementation was added to CGM to increase photosynthetically-available carbonic 
acid species at pH 6, specifically towards growth in vials without air exchange 
[326,437]. In an initial range-finding experiment using open flask culturing, NaHCO3-

A B 

Figure 15. Growth rates (n=3) of C. reinhardtii in (A, B) completely-filled vials, or (C, D) 
vials with variable air headspace (HS), each in quadruplicate. CGM was further 
supplemented with (A, C) 250 mg/L or (B, D) 500 mg/L NaHCO3 supplementation. In 
completely filled vials, neither level of inorganic carbon addition was sufficient to raise 
population growth rates above GR > 0.92/day at higher cell densities, the OECD-
recommended validity criterion for healthy growth. When air headspace (HS) in the vial 
was applied, growth rates increased substantially. For an inoculation density of 7.5 x 
105 cells/mL along 5% HS and 500 mg/L NaHCO3 supplementation (D), growth rates 
exceeded the desired threshold. 

C D 

Inoculation cell density [cells/mL] 

Inoculation cell density [cells/mL], % air in vial (headspace, HS) 
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supplementation was optimal at 250-500 mg/L, and growth rates did not increase with 
higher NaHCO3-supplementation, however morphological changes of cells were 
appreciable at and above substantially higher concentrations, as observed previously 
for algae [453] (Suppl. Fig. SI-2). 

 In completely-filled vials T101/V4, NaHCO3-supplementation alone was not 
sufficient to enable C. reinhardtii growth rates (GR) to achieve the validity criterion of 
2.5-fold growth over 24h period, or GR ≥ 0.92-d (Fig. 15 A and B). However, application 
of 5% air headspace (HS; Fig. 15D) in the vials along 500 mg/L carbon 
supplementation subsequently led to C. reinhardtii achieving growth rates above the 
desired threshold (average GR = 0.97-d, n = 3), at a cell density of 7.5 x 105 cells/mL 
that would allow for the closed-vial test system supply sufficient biomass vial to 
downstream omics platforms. To select an optimal and final configuration, the previous 
vial growth experiment was repeated using 7.5 x 105 cells/mL inoculation density, 500 
mg/L NaHCO3-supplementation, and a range of vial air headspace of HS 0-15% (Fig. 
16). A 10% air headspace was selected as optimal trade-off between size of growth 
rate vs. vial liquid and minimal gas compartments, featuring adequate growth rates of 
>0.92−d (mean 1.14−d; n = 4) and a pH drift < 0.5 (mean 0.25; n = 4) over a 24 h 
incubation period, thus meeting generally-accepted specifications for healthy growth 

A B 

Figure 16. Growth rates (A) and pH drift (B) over 24 h growth of synchronized C. 
reinhardtii cultures in capped vials (n = 3 per group) with varying size of air headspace, 
inoculated at 7.5 x 105 cells/mL in CGM. 2.5-fold growth per day (GR = 0.92/d) as validity 
criterion and acceptable pH drift are marked as dotted lines. 
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conditions [359]. Applying a 10% air headspace, 10.03 mL of liquid phase inoculated 
with 7.5 x 105 cells/mL could generate a maximum of 7.52 x 106 harvestable cells per 
vial, meeting the initially desired benchmark of 7.25 x 106 cells for downstream omics 
platforms, including additional cell suspension for water chemistry sampling in order 
to confirm actual exposure concentrations. The achieved biomass of >7.5 × 106 
harvestable cells per test vial has been substantially increased from comparable vial 
systems [437–439] and is sufficient to generate biological material for the demands of 
DIMS and Illumina RNASeq in parallel. Further, the low pH drift achieved precludes 
risk of changing bioavailability due to photosynthesis-driven pH changes, an issue 
more likely observed in other volatile test systems [432,454,455]. 

 

3.3. Cell cycle synchronization enables phenotypic anchoring in a single-
generation test  

 After defining medium and inoculation parameters of the tailored exposure 
system, the overall test format (duration, light conditions) was conceptually adapted 
towards application in toxicological investigations striving for hypothesis of acute 
chemical MoA and putative molecular key events to support construction of AOPs. For 
various unicellular green algae commonly applied in growth inhibition tests (e.g., 
genera Chlamydomonas, Raphidocelis, Desmodesmus, Scenedesmus, Chlorella), 
the phenomenon of light-driven cell cycle synchronization is a known manifestation of 
evolutionary adaptation to scarcity of light in natural environments that can be 
experimentally induced by introduction of alternating light:dark cycles during 
incubation [456–458]. The degree of induced coordination between cells is close to 
absolute [197], nonetheless the explicit benefits of this algal population 
synchronization to the context of environmental toxicology have previously only been 
given brief consideration [394]. Exposure and effect analysis of multiple life-stages 
within the same experiment are commonly avoided in toxicity assessments due to 
introduction of various confounding factors [459]. Initial matching of test organisms by 
life-stage is prescribed in the standardized OECD test criteria for most environmental 
model organisms, such as water flea, birds, bee, annelids, springtail, molluscs, 

amphibia, or fish [460]. As one of the few cell-based in vivo systems, microalgal 
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bioassays do currently not feature the requirement for life-stage/cell-cycle matching 
[13,359]. Commonly prescribed test conditions, including constant lighting, may further 
be considered non-representative of natural environments, and drive suboptimal 
metabolic efficiency and rapid cell cycle misalignment [398,461,462] 

 In the here conducted experiments, cells grown in vials under constant lighting or 
alternating 12 h:12 h light:dark conditions were compared regarding time-point 
specificity of zoospore release (i.e., increase in cell number and density) and mitotic 
activity, over a time-course of 24 h. A clear logarithmic increase of cell density over 
the whole measurement period (thus a constant presence of zoospore hatching 
events) were observed in the cell populations grown in constant light (Fig. 17A). By 
contrast, for cell cultures grown in alternating 12 h:12 h light:dark conditions (Fig. 17B), 
an increase in cell number occurred exclusively after the light:dark transition in a 
narrow time window of approximately 2.5–3 h starting around the 16 h time-point, 
indicating a high population-wide coordination of zoospore release from zoosporangia 
within the experimental time-frame. 

 

Figure 17. Cell density (Top) and number of distinct peaks in PI fluorescence intensity (Bottom; 
~ amount of genomic material found in each zoosporangium or zoospore) indicating genomic 
division events during multiple-fission cycles for non-synchronized (A) or synchronized (B) 
cultures. For synchronized cultures, light:dark transition occurred at 12 h. N = 3 per group. 
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 A similar, although phase-shifted, dynamic process was observed when mitotic 
activity between the two culturing regimens was compared with flow cytometric 
measurements (Fig. 17 A and B). Cells were analyzed for fluorescence of the DNA-
intercalating fluorophore propidium iodide after a nucleotide staining procedure and 
enzymatic RNA degradation. Cell cultures grown in constant lighting conditions 
comprised either single cell zoospores, zoosporangia enclosing two or four zoospores, 
or cell particles undergoing S-phase, to narrowly-defined percentages over the whole 
course of the experiment (single genome copy zoospores 92.07 ± 0.77% of population, 
two-genome copy zoosporangia 3.25 ± 0.26%, four copy 3.21 ± 0.77%, cells in S-
phase 1.48 ± 0.26%). Cell cultures from alternating light:dark conditions were 

composed of a time-dependent cell population, dominated by cells containing a single 
genome copy (SGC zoospores) at all time-points before the light:dark transition at 12 
h (97.06 ± 1.53%). Yet at the 13 h time-point, these SGC zoospores comprised only 
58% of the population, with a concordant increase in cell particles in S-phase, or 
zoosporangia containing two or four genome copies.  

 In the presented data, coordination of genomic division and sporulation events 
over the complete algal population in cultures grown in light:dark cycles, and lack 
thereof in cultures grown in constant light, was confirmed via electronic cell counting 
and flow-cytometry. This difference was indicative of cell cycle synchronization in 
algae grown under alternating light cycles [197]. From the perspective of mechanistic 
(eco-)toxicology, one significant benefit of the observed population-wide coordination 
of nuclear division and sporulation is the ensuing occurrence and measurability of the 
algal adverse phenotypic endpoint within a narrow time-window across the cell 

population (Fig. 17B). This in turn enables temporal phenotypic anchoring of the AO 
to prior molecular perturbations, thereby defining structure of AOPs and increasing 
cause-effect associations in chemical MoA hypotheses [354]. In contrast, described 
coordination and opportunity of mechanistic anchoring is lost in algal cell culturing 
using constant light regimes [398], due to consistent occurrence of nuclear division 
and sporulation over the entire experimental time-frame (Fig. 17 A). Flow-cytometric 
measurements were here utilized to allocate the final sampling time-point of the 
sampling profile in the outlined experimental design (see Chapter 2, Section 2.2.3.1.). 
When algal growth inhibition i.e. inhibition of algal cell division is selected as adverse 
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outcome to which to link molecular perturbations, cytokinesis of a cell (post nuclear- 
and organelle division) resembles the window of occurrence of possible toxicant-
induced adverse outcome, as measured later by increase in cell density after release 
of the divided zoospores from zoosporangia by cell counting. Flow cytometry indicated 
start of replication activity as early as 11 h into the light-phase (Fig. 17B; cells in S-
phase at 11 h significantly increased from 9 h, Welch’s t-test p = 2.7 × 10−3). First nuclear 
division events were observed at merely 1 h after the light:dark transition (13 h time-
point), as evidenced by substantial presence of zoosporangia containing multiple 
genome copies (two or four zoospores). The number of cells containing ever greater 
numbers of genome copies grew exponentially at later time-points, concordant with the 

nature of multiple-fission cycle division of C. reinhardtii [197]. By comparison, zoospore 
hatching (release from zoosporangia) and respective increase in cell density was only 
observed after 15.5 h. With cytokinetic events already observed as early as 1 h after 
light:dark transition, it was concluded that the last sampling time-point of the sampling 
profiles for later omics studies on norflurazon and chlorobenzene (Chapters 4 and 5) 
should be allocated at max. 12 h 30 min after exposure (i.e. 30 min after light:dark 
transition) to capture potential molecular perturbations of nuclear division along minimal 
overlay with the cytokinesis and zoospore release time window i.e. occurrence window 
of induced adverse outcome (Fig. 18).  

A B 

Figure 18. Abstract representation of the potential time-windows of molecular key events and 
adverse outcome within algal cell cycle, as induced by exposure to toxicants. The schematic 
is overlayed growth curves for (A) non-synchronised and (B) synchronized cell cultures. 
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 Reducing the duration of a conventional algal test protocol would increase 
sample throughput and thus facilitate applicability for high throughput omics 
technologies, e.g., for applications in read-across and prioritization. When applied to 
the purpose of hypothesizing chemical MoA and key events predictive of apical 
endpoints (i.e. AO) in synchronized cultures, the commonly prescribed 72 h test 
duration designed for non-synchronized cell cultures [12,13] becomes an arbitrary 
timeframe. Given the selection of inhibition of cellular division as the AO for microalgal 
toxicity, it can be assumed that AO-inducing key events must occur and be 
measurable within perturbations of preceding biological functions [168,463] and thus 
within previous cell cycle stages. Justification of the test duration in microalgal 

exposure studies aiming to hypothesize on acute chemical MoA and molecular key 
events, therefore, should not hinge upon absolute length, but on biological anchoring, 
i.e., the minimal time required to link molecular stress responses to successive 
phenotypic effects, and thereby satisfying the regulatory requirement of phenotypic 
anchoring [49,352–354,356]. The reduction of test duration encompassing a single 
generation of synchronized cells (Fig. 18B, and Fig. 10B in Chapter 2) is proposed in 
this context. It may be argued that an optimal sampling strategy would extend 
exposure and sampling to the respective dark phase of the alternating light:dark cycle 
after sporulation, allowing the effects of a chemical on dark cycle processes to be 
examined. The practical implementation of such a protocol is not readily feasible, 
risking activation of biological functions in algae exposed even to minimal light 
indicative of a commencing cell growth cycle [218,386]. Furthermore, algal biological 
activity in complete darkness is indicated to be largely limited to mitochondrial energy 
metabolism, which is maintained throughout the light phase [386,408–410]. 
Consequently, the proposed time-frame from commencement of light phase to 
sporulation covers the single largest set of molecular and cellular functions within a 
cell cycle that chemicals may perturb. 
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3.4. Synchronized vs. non-synchronized cultures for molecular studies 

3.4.1. Initial optimization of the cell wash procedure 

 Before conducting metabolic phenotyping experiments, the cell harvesting 
procedure was optimized to reduce influence of extracellular compounds or 
extraneous contaminants from growth medium or consumables on mass 
spectrometric profiles [464]. Using the established measure of median relative 
standard deviation (mRSD) of measured metabolite features as a descriptor of 
variance [465], the mRSD value of unwashed cell pellets was 28.08%, decreased to 
21.22% for pellets washed once, and to 16.76% for pellets washed twice. No pellet 
washing led to high sample variation in multivariate space (Fig. 19). When comparing 
variance scores in multivariate analysis (PCA; principal component analysis) of polar 
metabolite m/z features, a significant difference was discovered between the three 
wash groups along PC1 (ANOVA; p = 6.19 x 10-9), capturing 47.6% variance in the 
dataset, but not along PC2 (p = 0.2), capturing only 11.2% variance. Despite the 
reduction in mRSD between one and two pellet washes, no substantial difference in 
clustering could be found between these two wash conditions, however PC2 scores 
(not PC1) were significantly different between one and two washing steps (t-test, p = 

0.06).  

Figure 19. Metabolic fingerprints for 
pellet wash optimization. A first 
study comprising synchronized 
control cultures seeded in vials was 
performed to assess the influence of 
the number of washing steps on the 
metabolomics data quality. Cell 
cultures were concentrated as 
above from a single stock, seeded at 
7.5 x 105 cells/mL in 30 capped vials 
and incubated for 3 h. Next, 5.25 x 
106 cells were sampled from each 
test vial and a varying number of 
pellet washes performed before 
flash-freezing: None (red), once 
(blue) or twice (green). 
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 The most substantial reduction of sample variance could be achieved using a 
single pellet wash as compared to no wash, as observed previously for other cell types 
[464,466,467]. As additional washing steps would relatively increase time demands of 
the sampling process per time-point and introduce higher complexity to the protocol, 
a single wash step was selected as sufficient compromise for all further metabolomics 
and lipidomics experiments. 

 

3.4.2. The benefit of synchronized algae cultures for molecular studies 

 To analyze the impact of light-induced cell cycle synchronization on the metabolic 
phenotypes of algal cultures, direct infusion mass spectrometry (DIMS) based 

metabolomics was applied to cells grown in alternating light:dark conditions 
(synchronized cell cycles) versus grown in constant lighting (non-synchronized). Basal 
(unexposed) algal cultures were sampled from each culturing regimen at 4 h 15 min 
(±15 min), 8 h 15 min (±15 min) and 12 h 15 min (±15 min) post-seeding (n = 8 for 
each light regime and time-point). Intra-study quality control samples (QC) were 
derived from a single pool of aliquots from each biological sample. Technical variability 
over the dataset was estimated from mRSD of QC samples [276], and total (dominated 
by biological) metabolic variability was assessed from groups of biological samples. 
mRSD of all m/z features for the QC samples in the analysis of the synchronized cell 
cultures was 9.1%, while QC mRSD for analysis of non-synchronized cell cultures was 
12.1%. These results indicate low technical variability and hence high quality of the 
DIMS metabolomics data, as previously described by Ref. [465]. Total mRSD for 
synchronized cultures was as follows: 25.1% (4 h 15 min ± 15 min), 27.4% (8 h 15 min 
± 15 min) and 30.6% (12 h 15 min ± 15 min); while for non-synchronized cultures: 
36.2% (4 h 15 min ±15 min), 27.6% (8 h 15 min ±15 min) and 33.8% (12 h 15 min ± 
15 min). These values indicate a slightly higher biological variability in non-
synchronized cultures versus synchronized cultures. Unsupervised multivariate 
analysis (PCA) compared the metabolic phenotypes of the algae as a function of 
lighting regime and time-course (Fig. 20). Outliers were removed if their 
measurements exceeded the 95% confidence interval derived for all the biological 
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samples, within each dataset (4 samples in non-synchronized study, 2 samples in 
synchronized).  

Figure 20. PCA scores plots comparing the DIMS metabolic phenotypes of (A) 
synchronized algal cell cultures grown in alternating light:dark conditions, and of 
(B) non-synchronized algal cell cultures grown in constant light. Plotted are PCA 
scores for samples taken at 4 h 15 min ±15 min (red), 8 h 15 min ±15 min (green)) 
and 12 h 15 min ±15 min (blue). 

 

 No metabolic separation of time-points was observed for non-synchronized cell 
cultures grown in constant lighting conditions. However, for cells grown in alternating 
light:dark conditions, a progression of their metabolic phenotypes was discovered over 
time (along PC1). Statistical analysis of the PC scores for each sample indicated 
significant differences in PC1 (ANOVA; p = 1.8 × 10−11) and PC2 (p = 6.39 × 10−3) 
scores between metabolic phenotypes of the time-points for cells with synchronized 
cell-cycles, but not for non-synchronized cell cultures (PC1 p = 0.84, PC2 p = 0.85). 
This result indicates homogeneity of the metabolic composition of samples from non-
synchronized cultures, and discrete compositions over time of those from 
synchronized cultures. Given the data, all subsequent studies were conducted using 
synchronized cell cultures. 

 In mammalian cell models, synchronization is  routinely applied to enable 
detailed investigations into specific phases of the cell cycle [387]. In microalgae such 
as C. reinhardtii, synchronization of cell cycle was applied to study various biological 
processes [386,392,393,468,469], however its explicit importance for toxicological 
investigations remains undervalued [394,395]. The here conducted experiments 



 
- 86 - 

comparing the metabolite phenotypes from C. reinhardtii grown under the two culturing 
regimens emphasized substantial and significant changes in the molecular 
composition in the synchronized C. reinhardtii cultures through time. Cells are tightly 
aligned in their progress through the entire cell cycle up to nuclear and cellular division 
[470] and characteristically evolving metabolic and transcriptomic patterns have 
previously been linked to this progression in C. reinhardtii [386,407]. In both pro- and 
eukaryotic cells, evidence is mounting that metabolic activity is not merely affected by 
position in the cell cycle, but a major driver of it [471,472]. Accordingly, distinct 
changes of metabolic patterns along the cell cycle were discernable in the scope of 
metabolomics analysis of synchronized cell populations. However, a complete lack of 

such an effect was apparent in cultures grown in constant light as prescribed by 
regulatory guidelines. Under non-nutrient-limited exponential growth conditions, non-
synchronized cultures grown in constant light will comprise algal cells from every 
possible stage of the cell cycle, irrespective of experimental time-point. Although 
individual cells still progress through cell cycle, extracted samples for molecular 
studies comprise cross-sections over the whole complement of cell cycle-dependent 
biological functions, as evidenced by the high similarity of metabolic profiles between 
successive time-points over the experimental time-frame. 

 Metabolic phenotypes from samples of synchronized algae cultures taken at 
specific time-points during the exposure period were representative of narrow 
windows of biological functions anchored to cell cycle. The equivalent is true for 
perturbations of cellular functions (molecular key events), which temporal occurrence 
can be precisely measured over respective time-course analyses. Light:dark cycle-

induced algal cell cycle synchronization should thus be able improve omics-driven 
time-course analysis of key events by avoiding phase-shifts of molecular signals in the 
test system [388,389]. In non-synchronized cultures, discrete sampling intervals 
cannot be precisely rooted to cell-cycle-dependent biological processes. There, the  
interpretation of toxicological mechanisms remains limited to snapshots of overlaying 
molecular cross-sections of algal populations (Fig. 10 in Chapter 2), and molecular 
phenotypes are averaged over the heterogeneous cell population within a sampling 
time-point. It is concluded that synchronized cell cultures in this context represent an 
approach to study molecular biological processes and their perturbations with strongly 
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reduced variability, enabling increased analytical and temporal resolution of biological 
processes and their perturbances. 

 

3.5. Application of tailored exposure system to volatile and reference toxicants 

 Past studies to hypothesize on chemical MoA in algae were frequently limited in 
exploring the temporal dynamics of toxicity. Many existing multi-omics studies 
attempting to deduce MoA of chemicals as dynamic processes in C. reinhardtii have 
employed experimental designs with relatively low numbers of sampling time-points 
[246,250,253,256,258,397,424,425]. Again, large-scale experimental designs are not 
sufficiently supported by conventional microalgal toxicity test practices, and the 

scarcity of existing publications with time-series analyses of algae is partly due to a 

relative lack of physical scalability. Specifically, algal toxicity testing of volatile 
chemicals has consistently proven an obstacle in the past due to the CO2-

dependence of natural photoautotrophic growth. Conventional agitation- and 
aeration-based exposure vessel systems become highly cumbersome to maintain with 
increasing experimental scale, and the stability of mid-concentration exposures is 
difficult in open flask culturing. A variety of solutions has been proposed to address 
the issue, including tailored complex flasks [429,455,473] and variants of bottle or tube 
testing [432,437–439,474–478]. The application of these existing methods to large-
scale (multi-)omics studies is regrettably precluded, due to low applied inoculation cell 
densities, problematic physical scalability, disturbance of phase equilibria during 
repeat-sampling procedures, strong pH drift, or a combination thereof.  

 Here, a tailored sacrificial closed-vial testing system using custom growth media 
was developed below to address shortcomings of existing systems, and enable 
application to the large-scale experimental design presented in Chapter 2. The volatile 
testing system reported here represents a miniaturized and abbreviated variant of the 
conventional algal growth inhibition test, reorienting its focus on molecular events 

predictive of a measurable acute adverse outcome in a single clonal generation of C. 
reinhardtii. By utilizing small glass vials, parallelizability of test vessels and thus 
factorization of experimental variables can in principle be drastically increased in 
individual experiments. Capacity to test hundreds of vial replicates in parallel, per 
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individual toxicity test, has been achieved (see Chapters 4 and 5), enabling 
experimental designs to accommodate for high replication, temporal resolution and 
multiple exposure concentrations. 

 First, the suitability of the capped-vial exposure system for maintaining stable 

concentrations of a volatile toxicant in the medium over the required test duration was 
assessed. GC-MS analysis was conducted on chlorobenzene levels in the medium of 
these sacrificial vials sampled at the beginning (0 h) and after 12 h 15 min incubation. 
Algal exposures were conducted and samples taken at each time-point for both “Low’ 
(14 mg/L) and “High” (24 mg/L) nominal chlorobenzene concentrations (n = 4 for each 
time-point and concentration; Suppl. Fig. SI-66).  

 Measurements of chlorobenzene levels at the start of the experiment were lower 
than nominal (“Low” group measured at 12.32 ±0.31 mg/L; “High” group nominal 
measured at 20.87 ±1.78 mg/L), however the levels did not change significantly over 
the 12 h 15 min incubation period (Welch’s t-test, “Low” p = 0.39, “High” p = 0.24). 
This indicates chemical loss during initial stock preparations, however high stability of 
concentration levels over the incubation period. According to Henry’s law constant, 
fraction of chlorobenzene in the gas phase is calculated as %CBg = Vg/(Vg + 

(VL·R·T/KH)) with Vg = 10% vial gas phase, VL = 90% vial liquid phase, T = 298.15K, 
R = 8.205 ± 10−5 m3·atm/(K·mol), KH = 3.7 × 10−3 atm·m3/mol [479]. At equilibrium, 
only 1.65% of chlorobenzene theoretically partitions into the gas phase. Similar 
calculation for the expected partitioning of 204 Volatile Organic Compounds [480] 
suggests that 85% would partition less than 6% into the gas phase of the proposed 
exposure system. Concluding, stable exposure over the time-course of the experiment 
was well achievable using the designed capped-vial testing system, and minimal 
partitioning into the gas phase occurs during the experimental timeframe. Anticipation 
of and correction for initial volatilization loss during stock preparation of highly volatile 
chemicals at inoculation is advised for further studies. 

 To demonstrate the generation of repeatable biological results by the designed 
testing approach for soluble and volatile toxicants, concentration-response 
experiments of 3,5-DCP, K2Cr2O7 (recommended reference toxicants [12,13]) and the 

volatile chlorobenzene were performed to compare generated data to existing 
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knowledge. The exposure period used was 24 h, aligning with both the cell culture 
studies presented above. EC50 value for the reference substance 3,5-DCP was 
estimated at 0.93 ±0.09 mg/L (Fig. 21A) using a 4-parameter log-logistic model, well 
within the range of 0.5 to 6.1 mg/L (48 to 72 h-EC50) observed for C. reinhardtii and 
other green algae [481]. Effective dose-estimation for K2Cr2O7 exposures led to an 24 
h-EC50 value of 3.56 ±4.26 mg/L (Fig. 21B), encompassing literature background 
[481,482] but displaying a relatively large standard deviation. 

 The determined 24 h-EC50 of the highly volatile chemical chlorobenzene for C. 
reinhardtii was estimated at 32.52 ±3.64 mg/L (combined data of three repeats, Fig. 
21C), again within range of published closed-test system data (P. subcapitata 48 h-
EC50 = 14.4 mg/L [478]; Selenastrum capricornutum 96 h-EC50 = 12.5 mg/L, [429]), 
and drastically reduced compared to results derived from open-flask testing (S. 
capricornutum 96 h-EC50 = 224 mg/L [483]). When accounting for inter-species 
variability in sensitivity and differences in test exposure durations and physical setups 
[429], the estimated EC50 suggests adequate performance of the vial exposure system 
within expected ranges of variation. Of particular note is the high repeatability (low 
variation) in the growth data derived from the synchronized culture test system, 
individual experiments led to estimation of EC50 values of 45.46 ±20.13 mg/L (Exp. 1), 
37.85 ±8.56 mg/L (Exp. 2) and 37.42 ±20.86 mg/L (Exp. 3). 
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Figure 21. Dose-
response curve (4 
parameter log-logistic 
model) of 24 h algal 
growth inhibition 
experiments for (A) 3,5-
DCP, (B) K2Cr2O7, and 
(C) three independent 
experiments for 
chlorobenzene (n = 4 per 
concentration). Error 
bars correspond to 95%-
confidence intervals of 
fitted curve. 
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3.6. Repeatability of C. reinhardtii metabolic phenotypes in tailored exposure 
system 

 Robust and reproducible determination of molecular markers diagnostic of 
chemical MoA and predictive of adverse outcome, and consideration of omics 

analytical and biological variability of is paramount for downstream utilization of the 
generated data to support environmental hazard assessments [484]. To characterize 
the reproducibility of the metabolite phenotypes of synchronized C. reinhardtii cultures 
grown in the capped-vial exposure system, DIMS metabolomics was conducted on 
samples generated over three independent experiments. To minimize experimental 
cost, it was here assumed that variability as compared of biological signatures as 
described by metabolomics was comparable to those of other omics platforms. Each 
biological batch comprised of highly replicated algal cultures in pure growth medium 
(control, n = 10) and cultures exposed to 25 mg/L chlorobenzene (CB, n = 10), with all 
samples harvested after a 3 h incubation. This exposure concentration was selected 
based on the previous concentration-response study (Fig. 21C) with the 3 h time-point 
assumed to capture early metabolic perturbations induced by the baseline toxicant; 
exposures were conducted early in the light phase of the 12 h:12 h light:dark cycle. 
Algal cell samples of each biological batch were stored at −80 °C, then all samples 
were extracted and DIMS metabolomics analysis (positive ion mode) performed as a 

Figure 22. Violin-plot of relative standard deviations (RSD) of m/z features per experimental 
batch (B1/2/3, comparing three identical and independently- repeated batches of exposure 
experiments), median RSD values over all features are labelled per group. “Control” vs 
“Exposed” (CB), n = 10 per group. Each violin plot shows the value range (vertical lines), density 
of values (width of plot), and the 25th, 50th and 75th percentile of values (horizontal lines).  
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single analytical batch. This design allowed biological variation between the exposure 
experiments to be isolated and identified.  

 First, RSD and median RSD values were calculated for all batches and groups to 
characterize technical and total (dominated by biological) metabolic variability. mRSD 

of all m/z features within intra-study QC samples was 9.3%, confirming low technical 
variability and high quality of the instrumental analysis (Fig. 22). RSD distributions and 
mRSD values suggested observable, although small, differences between biological 
batches, with batches 2 and 3 displaying lower mRSD than batch 1. mRSD values in 
biological batches 1, 2 and 3 were for Control groups 26.0%, 23.1% and 22.4%, and 
for CB groups 26.7%, 24.1% and 24.1%. Ranges of recorded median RSD values 
(20.86% to 24.99%) lay within the expected ranges for test organisms and cells, e.g., 
median RSD values have been reported for algal and other cells between 20-22% 
[465,485]. 

 To characterize the reproducibility of data gained from the developed exposure 
system, differences in the metabolite phenotypes between three repeated exposure 
studies were compared. PCA was applied to study the metabolic variability inherent to 
the complete dataset. Two outliers were removed (batch 1, CB samples) as they 

exceeded the 95% confidence interval of the complete dataset, and PCA conducted on 
the 56 remaining samples. The PCA scores plot (Fig. 23A, Suppl. Fig. SI-3A) revealed 
that the three batches were not identical, with batch 1 CB samples showing the highest 
intra-group variance as well as differing from the batch 2 and 3 CB samples in 
multivariate space. Additionally, while the metabolic effects of CB relative to the control 
samples were apparent for batches 1 and 3, a minimal difference between controls and 
CB-treated samples was observed for batch 2. To further investigate, PCA was 
conducted on the control samples alone, from all three biological batches (Fig. 23B 
and Suppl. Fig. SI-3B), to determine the extent to which the baseline algal metabolome 
varied across studies. ANOVA of the PC scores for the three control groups indicated 
significant differences along PC1 and PC3 (p = 7.15 × 10−6 and 3.84 × 10−4, 
respectively; Table 4), indicating certain inter-batch metabolic variation between the 
three biological batches. Similarly, PCA and subsequent ANOVA of PC scores were 
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applied to just the CB samples, which also revealed significance of metabolic 
differences between the three biological batches (Suppl. Fig. SI-4, Table 4).  

 

 

Figure 23. PCA scores plots (PC1 vs. PC2) visualizing (A) the metabolic differences 
across three exposure studies (termed biological batches), with each batch 
comprising of control (n = 10) and CB-exposed (n = 10) samples; (B) only the control 
samples from each batch. Sample groups are biological batch 1 Control (Purple) and 
CB (Green), batch 2 Control (Yellow) and CB (Orange), and batch 3 Control (Red) 
and CB (Blue). 

 

 Overall, small batch effects could be observed between the baseline metabolic 
phenotypes across the three repeats of the exposure experiment when compared in 
PCA. A number of possible factors might have contributed to these differences, 
including subtle changes in laboratory maintenance that unknowingly affected the 
growth and biological activity of the algal cultures, as reported previously for microalgal 
bioassays [486]. Furthermore, batch differences in algae exposure studies can be 
impacted by various biotic and abiotic confounding variables. Algae are sensitive for 
instance to minimal variations in prepared growth media, specific position of cells 
within the culture growth curve, or minor deviations in culture handling by the operator 
during maintenance or inoculation [487–490].  
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Table 4. ANOVA results comparing PC1, -2 and -3 scores of control samples or CB samples 
only (in each case between the independently-repeated identical exposure experiments), and 
CB samples normalized to their batch-specific controls. Mitigation of initially significant inter-
experimental variability (excluding PC2) could be achieved using this normalization. 

Samples Analyzed by PCA (All Three Batches) PC1  PC2  PC3  

Controls only p = 7.15 × 10−6 p = 0.11 p = 3.84 × 10−4 

CB only p = 1.72 × 10−7 p = 0.20 p = 0.048 

CB normalized to batch-specific controls p = 0.20 p = 0.015 p = 0.11 

 
 

 To achieve the high level of repeatability required for toxicity testing, the effect of 

normalizing each batch of exposure data to the corresponding control metabolic 
phenotypes was explore. First, the log2 fold-change (LFC) for every m/z feature (peak) 
was calculated, specifically by determining log2 of the ratio of the median feature 
intensity in the CB group over the median intensity in the respective control group (log2 

(median[IntCB]/median[IntControl]), for each m/z feature). This calculation was repeated 
for each of the three batches. The resulting density distributions of LFC values, one 
for each biological batch, were visually similar (Fig. 24A). Yet upon statistical testing, 
these LFC batch values were still significantly different (Kruskal-Wallis test; p = 1.38 
× 10−12). To further explore the effect of normalizing each batch of exposure data to 
the corresponding control metabolic phenotypes, specifically using PCA, log2 fold-
changes were recalculated individually for the metabolite features of each of the n = 
10 samples in the CB group relative to the median feature intensity of their respective 
control group (log2 (IntCB/median[IntControl])). This allowed PCA of these LFC values to 
reveal any metabolic differences between the effects of CB-treatment normalized to 
each batch-control, for all three batches (Fig. 24B), with the scores plot now 
highlighting the significant overlap and therefore consistency of the batches. Indeed, 
ANOVA indicated no significant differences between PC1 and PC3 scores (Table 4; 
PC1 p = 0.20, PC3 p = 0.11). However, slight batch differences were still detectable 
along PC2 (p = 0.015). Importantly, initial batch effects in PCA (Fig. 23 A and B) were 
greatly decreased by applying this normalization strategy to the relevant batch-
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controls (Fig. 24B). This demonstrated normalization of the observed differences in 
algal stress response, by calculating log2 fold-change of the measured m/z feature 
intensities to their batch-specific biological baseline (controls), proved to at least 
partially mitigate existing batch differences in unsupervised multivariate analysis. 

Figure 24. To increase comparability of exposure effects over the three repeated 
experiments, m/z feature intensities in CB groups were normalized to their batch-
respective control groups by calculating the log2 fold-change of m/z features: (A) density 
distribution of LFC values for each batch (log2 (median[IntCB]/median[IntControl]), per m/z 
feature); (B) PCA scores plot from analysis of LFC values of all three batches (log2 
(IntCB/median[IntControl]), for each m/z feature and for each of 10 CB samples). Batch 1 
= green, Batch 2 = orange, Batch 3 = purple. 

 

 Next, the repeatability of the CB-induced metabolic perturbations in the three 
exposure experiments from the context of a) supervised multivariate analysis, and b) 

molecular biomarker discovery was evaluated. Partial least squares-discriminant 
analysis (PLS-DA) was conducted on m/z features of all of the samples from the three 
biological batches. Here it was endeavored to evaluate the metabolic perturbations in 
the three exposure experiments using a supervised multivariate analysis, which 
focuses on the most consistent changes induced in the CB-treated samples. The 
algorithm selected an optimum of 5 latent variables for the classification model. While 
the control and CB samples were clearly separated in the PLS-DA scores plot of latent 
variable 1 vs. 2 (Fig. 25), a robust interpretation of these results required any over-
fitting of the PLS model to be assessed. Following 10-fold internal cross-validation, 
the PLS model yielded an R2 = 0.99 (amount of variation in data explained by model) 
and Q2 = 0.72 (goodness of fit), which indicated good generalizability. Despite the 
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small batch effects in PCA, the algal metabolic stress response appeared to be 
regulated by a consistent mechanism across studies, as indicated by PLS-DA on 
pooled data 

 

 

Figure 25. PLS-DA scores plot visualizing the group-separation of metabolic 
phenotype in C. reinhardtii following exposure to 25 mg/L chlorobenzene (red circles) 
relative to unexposed controls (green circles). All samples from three independent 
exposure experiments (biological batches) were pooled in this analysis. R2 = 
variance explained by the model, Q2 = quality of model fit after permutation testing. 

 

 Lastly, molecular biomarkers of the three biological batches were compared. This 
was achieved by applying set enrichment analysis [446] to the metabolomics data, an 
approach originally developed for analyzing gene set enrichment [446] which lately 
has become increasingly applied in metabolomics [491–494]. This statistical process 
of comparing the rank order of genes, based on the magnitude or significance of their 
responses to multiple experimental conditions, was here applied on the rank order of 
mass over charge (m/z) metabolic features. Three comparisons were made (Table 5). 
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Table 5. Enrichment analysis applied to three metabolomics datasets following 
exposure of C. reinhardtii to chlorobenzene (three independently repeated and 
identical exposure experiments; batches 1, 2, 3). Ranked lists of m/z feature LFC 
were calculated (SB1–SB3 for batches 1–3) and every list was compared against 
every other list to determine whether SB1-SB3 were enriched with elements of the 
other sets. Significance of enrichment was assessed using 1000 random 
permutations of m/z values in LFC-ranked lists, and false-discovery rates are 
reported. NES = normalized enrichment score, degree of metabolite enrichment of 
S within dataset. LE = leading edge, subset of m/z features in S that are most 
impactful towards a high NES. 

Metabolite set Metric Batch 1 Batch 2 Batch 3 

SB1 

NES - 1.39 1.33 

LE - 11 features 72 features 

FDR - 0.004 0.006 

SB2 

NES 1.41 - 1.96 

LE 53 features - 43 features 

FDR <0.001 - <0.001 

SB3 

NES 1.38 2.02 - 

LE 61 features 50 features - 

FDR <0.001 <0.001 - 

 

 First, the top 100 LFC m/z features from batch 1 were designated as metabolite 
set (termed set batch 1, or SB1), and used to interrogate the rank order of m/z metabolic 
features obtained from the other two batches. The significance of this set enriching 
the leading edges (LE) of each of the two batches was calculated using the normalized 
enrichment score (NES) and by estimating a false discovery rate (FDR). This 
enrichment test was twice repeated, for SB2 and SB3. The enrichment analysis was 
conducted to characterize the overall degree of similarity of whole sets of metabolic 
markers associated with chlorobenzene exposure between the repeat experiments. 
The results indicate that top 100 LFC m/z features for from each batch are strongly 

and significantly enriching all biological batch-metabolite set combinations (Table 5). 
This led to the conclusion that a common and consistent subset of metabolic markers 
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as a toxicological signal was discovered across all the biological batches, and further 
support was added to the conclusion that, despite small batch effects in PCA, a 
consistent toxicological effect could be measured over all experimental repeats of the 
exposure experiments. 

 

4. Conclusion 

Firstly, a miniaturized and scalable closed-vial chemical exposure system using 
custom growth media was designed, which is suitable to support the requirements of 
the outlined experimental design (Chapter 2) towards hypothesis of acute chemical 
MoA and putative molecular toxicological key events to support construction of AOPs. 
It allows for sufficient growth of C. reinhardtii (at high inoculation cell densities) for 
multi-omics assays, while aligning test duration to algal cell cycle and minimizing 
chemical volatilization. The latter was proven by stable exposure concentrations to 
chlorobenzene over the test duration. Further, the repeatability of this C. reinhardtii 
exposure system was examined by comparing phenotypical endpoint induction 
standard 24 h-algal growth inhibition assays using the developed exposure system, 
and identifying batch variation when applying unsupervised multivariate analyses to 
the metabolomics data. These unwanted effects could be reduced by normalizing 
each biological batch to its respective control data. Furthermore, set enrichment 
analysis as well as supervised multivariate analysis was applied to demonstrate the 

consistency of the metabolic markers discovered in three repeat exposures to 
chlorobenzene. Secondly, the utilization of synchronized algal cell cultures grown in 
alternating light:dark cycles allowed explicit adjustment of sampling time-profiles to the 
algal cell cycle to achieve phenotypic anchoring, and it was demonstrated that the 
application of an omics technology to such synchronized algal cell cultures can detect 
characteristic metabolic phenotypes that evolve through the cell-cycle. This should in 
theory benefit the interpretability of molecular data in terms of hypothesizing chemical 
MoA and molecular key events that are anchored to, and predictive of, the algal 
adverse phenotype of reduced growth and might serve beneficial in aiding 
construction of AOPs. 
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Chapter 4 
 

A time-resolved multi-omics 
approach confirms and extends 

existing knowledge on the 
chemical MoA of norflurazon 
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1. Introduction 

 Omics technologies are expected to have high utility in profiling chemical-induced 
perturbations of biological processes [57]. In this context, they could become valuable 
tools to support chemical safety assessment of novel and existing chemicals 
specifically in the areas of first-tier prioritization of testing, or read-across of chemical 
hazard based on the similarity of biological signatures. However, most “New Approach 
Methodologies” such as omics are still considered insufficiently developed to aid the 
regulatory decision-making process [49,136]. Amongst the different challenges that 
are limiting the wider adoption of omics into environmental chemical safety science, is 
general scarcity of work showcasing omics-driven chemical MoA hypothesis, thereby 
enabling discovery of molecular markers that are specific to a chemical’s MoA and 
predictive of adverse outcome. Not only could such molecular markers provide a 
tangible tool for risk assessment, they would also be beneficial to aiding construction 
of AOPs [111,124,127,495]. 

 Previous studies attempting omics-driven deduction of toxicant-induced effects 
in algae conducted by various research groups (notably refs. [424–426]) were overall 
limited in scale and experimental designs to discover time-dependent effects. As 
discussed in Chapters 2 and 3, a large drawback observed in numerous algal toxico-

omics studies was a lack of cell cycle synchronization within algal test cultures 

[231,243,257,263,426]. Consequently, confidence in derivable cause-effect 
relationships was limited by these characteristics, specifically within the context of 

understanding temporal dynamics of molecular perturbations and their specificity to 
biological processes within the algal cell cycle. This further resulted in a lack of 
biologically-justified anchoring of sampling time-points to time-windows prior to the 
induction (and hence measurability) of the adverse outcome 
[251,254,255,261,262,425,427]. Last, time-course analysis in existing studies was 
restricted to at most 3 sampling time-points [426], with most research employing 
single time-point designs for analyzing toxicant-induced molecular perturbation 
[246,253,256,258–260,424]. This low number of sampling time-points is suboptimal, 
arguably insufficient, for computational analysis of temporal trajectories of biological 
processes using multivariate data [406]. 
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 The purpose of this chapter was to address these limitations and to offer a new 
perspective into molecular stress profiling of C. reinhardtii by means of an exposure 
of synchronized cell cultures to the herbicide norflurazon (NF) coupled to a highly-
time-resolved multi-omics analysis. NF is a herbicide known for its inhibition of 
phytoene desaturase enzyme inhibition within the carotenoid synthesis pathway, 
however knowledge of off-target and downstream effects is relatively scarce [34,424], 
making it an ideal candidate for anchoring molecular effects discoverable by omics to 

existing toxicity information and potentially extend the latter. The overall aim, in line 
with Scientific Objective III (see Chapter 1) was to apply the delineated multi-omics 
experimental design (Chapter 2) using the prior-developed tailored algal exposure 
system (Chapter 3) to showcase omics-driven hypothesis of a time-resolved acute 
chemical MoA for NF toxicity, and to illustrate aided construction of a draft AOP for 
phytoene desaturase inhibition, supported by omics data. This was conducted within 
the context of the dual nature of the experimental design, using a model toxicant (NF) 
with well-understood molecular effects to guide and “calibrate” the mode of data 

analysis and evaluate how effectively the multi-omics approach can reproduce known 
effects of toxicity. The work presented in this chapter was subsequently intended to 
enable a subsequent “blind” application (Chapter 5) of the presented omics approach 
for the elucidation and identification of an unknown or poorly characterized MoA of a 
chemical in algae. This dual approach should increase confidence in the generated 
data and the proposed mode of their interpretation 
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2. Materials and Methods 

 

2.1. Algae culturing  

 C. reinhardtii cultures were incubated in liquid CGM under a 12 h:12 h light:dark 
cycle as described in Chapter 2.  

 

2.2. Norflurazon range-finding experiment 

 To expose cells, quadruplicate independent batches of synchronized cultures 
were grown in open flask culture, and seeded in vials as described in Chapter 2. 
Preparation steps were restricted to a maximum duration of 30 min within the onset of 
light phase. Culture cell density for inoculation was precisely controlled and growth 
rates measured in technical duplicate using CASY cell counting. Toxicity tests were 
performed using norflurazon (NF; Sigma-Aldrich, Gillingham, UK), and all tests were 
performed with biological quadruplicates. Prior to addition to CGM, NF was dissolved 
in DMSO as carrier solvent and then added to CGM, effecting a final DMSO 
concentration of 0.35%, non-toxic to C. reinhardtii  [496]. The range-finding experiment 
was conducted over the following exposure concentration range: 0, 0.05, 0.15, 0.45, 
1, 2, 6, 12 and 20 mg/L NF. Cell density was measured using CASY at 24 h, and 
growth rate inhibition was calculated as described in Chapter 2. A 4-parameter log-
logistic concentration-response model was calculated using open-source R software 

[331] and the drc package [444]. 

 

2.3. Multi-omics time-course exposure experiment 

 To expose cells for the multi-omics profiling exposure experiment, synchronized 
cell cultures were grown in open flask culture and seeded in vials as described in 
Chapter 2. Preparation steps were restricted to a maximum duration of 30 min within 
the onset of light phase. The experimental design for this experiment was described 
in Chapter 2. Exposure concentrations were aligned with results from the range-finding 
experiment and set to 0mg/L (“Control”), 1 mg/L (“Low”) and 2 mg/L (“High”) to achieve 
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exposure levels observed to induce no (EC0), ~20% (EC20) and ~40% (EC40) of growth 
inhibition. To generate the toxicant-spiked media solutions, a single batch of growth 
medium was split, spiked with the respective amounts of toxicant, and culture cell 
density for inoculation precisely controlled and growth rates measured in technical 
duplicate using CASY cell counting (see Fig. 8, Chapter 2). For each exposure level, 
a total of 72 vials were inoculated to enable n = 8 replicates for each of the 9 sampling 
time-points, an additional 4 vials per concentration were inoculated to enable post-
adverse outcome growth inhibition measures at 24 h. In total, 228 vials were 
inoculated in parallel. 

 

2.4. Multi-omics sampling procedure and instrumental analysis 

 Cell cultures were sampled at 9 time-points (TP1-9), at 1.5/ 3/ 4.5/ 6/ 7.5/ 9/ 10.5/ 
11.5/ 12.5 h post commencement of light cycle, translating to 1/ 2.5/ 4/ 5.5/ 7/ 8.5/ 10/ 
11/ 12 h post-exposure. As the last timepoint was allocated to the dark-phase of the 
light cycle, sampling procedure was conducted using minimal laboratory lighting. At 
each time-point, n = 8 exposure vials were opened, n = 4 samples (3 mL) were 
collected for transcriptomics analysis, and n = 8 samples (6.9 mL) were collected for 
direct-infusion mass-spectrometry (DIMS) metabolomics and lipidomics. Sampling 
procedure, metabolite/lipid/RNA extraction, instrumental analysis and data processing 
steps were performed as described in Chapter 2. Additionally at each time-point, 80 
µl of cell suspension was collected for measure medium NF concentration levels using 
liquid-chromatography tandem-mass-spectrometry, as described below.  

 

2.5. Metabolomics and lipidomics statistical data analyses 

 Prior to data analysis, spectral peaks arising from NF and its main metabolite 
des-methyl-NF [497] were removed from the dataset (see Suppl. Table SI-T2 for 
filtered adducts per ion mode). Statistical tests (Welch’s t-test, Kruskal-Wallis test, 
ANOVA) and PCA were conducted using R and the R-Stats base package [331]. 
Spectral peaks were putatively annotated using MI-Pack software [498] and the 
ChlamyCyc metabolic pathway and spectral feature database [187], using a 5ppm 
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error tolerance on possible adducts [M+H]+, [M+Na]+ and [M+K]+ (positive ion mode) 
or [M-H]-, [M+Cl]-, [M+Na-2H]-, [M+K-2H]- and [M+Hac-H]- (negative ion mode; Hac 
= acetate). For multiple assigned putative annotations per spectral peak, the putative 
annotation with lowest ppm error was selected. Spectral peaks with multiple 
annotations with equal ppm-error were excluded from analysis. Compound names 
were translated to KEGG-IDs for pathway-overrepresentation analysis using 
Arabidopsis KEGG pathways  [499] in MetaboAnalyst [332], and for metabolite set 
enrichment analysis on KEGG pathways using Pathview software [500]. Clustering of 
spectral peaks with similar time-intensity profiles but significantly different peak 
intensities between exposure groups were identified using metaboClust software 

[501], using a custom filtering condition for concentration-response behavior as ‘log2-
fold change [High-vs-Control] > log2-fold change [Low-vs-Control]’ and limitation of 
found clusters to k = 9 (analysis report in Suppl. Table SI-T3 and Suppl. Figs. SI-5/-
6/-7). All analyses were conducted using a threshold of false discovery rate FDR ≤ 
0.05 (method = Benjamini-Hochberg). 

 

2.6. Transcriptomics statistical data analyses 

 Transcriptomics instrumental data collection and raw data processing for 
norflurazon samples were conducted together with samples for the chlorobenzene 
time-course exposure experiment (Chapter 5). Before exploratory data analysis (PC 
K-means clustering and hierarchical clustering), counts were normalized using 
regularized log (rlog) transformation and low-count genes filtered out below 0.5 counts 
per million [502]. Differentially expressed genes (false discovery rate FDR ≤ 0.05, log2-
fold change ≥ 2) were determined using DESeq2 [502] and apeglm packages [503]. 
Scatter- and PCA plots were generated using R and the R-Stats base package. 
ANOVA on single gene expression between exposure groups at individual time-points 
in time-course analysis were conducted on rlog-transformed data to satisfy 
assumptions of normal distribution. To perform enrichment analyses, PlantsEnsembl 
gene IDs were first converted to Joint Genome Institute (JGI) v5 IDs using custom R-
script, then to GeneBank accession IDs using Algal Functional Annotation Tool [504], 

and finally to Entrez IDs using DAVID [505]. Generally-applicable gene-set enrichment 
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(GAGE) analysis on KEGG pathways using individual or shared lipid, metabolite or 
RNA expression data was conducted using Pathview software [500,506,507]. 
Parametric gene set enrichment analysis (PGSEA) over all treatment groups on Joint 
Genome Institute biological process gene ontologies (JGI-GO) were performed using 
iDEP software [508]. Hierarchical clustering using Euclidean distance as a similarity 
measure was performed using SLIDE software [509]. Time-profile clustering of genes 
with similar time-expression profiles significantly different between exposure groups 
were identified using maSigPro package for R [510,511] using default settings (CPM 
filter = 0.0, design type = multiple-series time-course, significance level = 0.05, R-
squared cutoff = 0.7, clustering method = hierarchical clustering, clusters = 9; analysis 

report in Suppl. Table SI-T4). JGI-GO network representations were drawn using 
ShinyGO software [512]. All analyses were conducted using a threshold of false 
discovery rate FDR ≤ 0.05.  

 

2.7. Quantitation of norflurazon medium concentrations 

 To confirm exposure concentrations of NF in growth medium of all three 
concentration groups (“Control”/”Low”/”High”), liquid-chromatography tandem mass 
spectrometry (LC-MS/MS) analysis was conducted on spent growth media sampled 
at each experimental timepoint. 100 µl of cell suspension was sampled, centrifuged at 
15000 rpm, and 80µl of growth media supernatant injected into vials containing 10 µl 
of 100 mM NaN3 in CGM for biological fixation. Samples were stored at -20 °C in the 
dark until analysis. Before instrumental data acquisition, 10 µl of 10 mg/L solution of 
isotopically labelled NF-13C,-d3 (dissolved inn 0.35% DMSO in CGM) was added as 
internal standard to each sample. Detector linearity was achieved across the range of 
7.8125 – 125 ng/mL, and thus samples were further diluted by a factor of 32:1. 

Samples were analyzed using a Waters Xevo TQ coupled to ACQUITY UPLC with C-
18 Agilent ZORBAX RRHT Eclipse XDB-C-18 (2.1 mm x 10 0mm x 1.8 µm) reverse-
phase column and guard column (2.1 mm, 1.8 µm). Mobile phases were (A) 0.1% 

formic acid (98%; VWR) in ultrapure H2O (LCMS grade; Sigma-Aldrich, Gillingham, 
UK) and pH adjusted to 5.5 with NH4OH (29±1% NH3; Sigma-Aldrich, Gillingham, 
UK), and (B) 0.1% formic acid in acetonitrile (LCMS grade; Sigma-Aldrich, Gillingham, 
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UK). Column temperature was set at 40°C, flow rate = 0.3 mL / min, and injection 
volume was 1µl. LC-MS/MS analysis was run as a gradient (Table 6), with a retention 
time of NF at 10.3 min. Mass spectrometry parameters were: Positive ion ESI, capillary 
voltage 3.5kV, mass range 100 – 500 amu. Single reaction monitoring was conducted 
using ions m/z = 304.0 (precursor) and m/z = 284.1 (quantifier) at a collision energy of 
31 V. The sample sequence was randomized, and quantification of NF was performed 
relative to the isotopically-labelled internal standard. 

 

Table 6. Gradient of mobile phase B over 21.5min analytical runtime in LC-MS/MS 
analysis. Total carrier phase = % phase A + % phase B (% phase A = 1 - % phase B). 

Time (min) %B 
0 0 
15 100 
20 100 
21.5 0 
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3. Results and Discussion 

 

3.1. Determination of optimal NF exposure concentrations 

 To enable phenotypic anchoring of molecular effects to the adverse outcome of 
algal growth inhibition at levels below acute cytotoxicity [414], an initial range-finding 
exposure experiment was conducted (Fig. 26). NF induced a concentration-response 
behavior in C. reinhardtii typical of pesticidal action, with an increase of the model 
slope above ~1000µg/L (~EC20) and within the range of effective concentrations 
observed before [34]. The present data was used to inform the exposure 
concentrations of the subsequent multi-omics experiment. Two midrange 
concentrations (1000µg/L ~EC20, 2000µg/L ~EC40) were chosen as optimal exposures 
(termed “Low”, “High” levels) within the boundaries of the delineated experimental 
design (See Chapter 2). These concentrations inducted measurable adverse 
outcome, an important component of the experimental design. 

 

Figure 26. 4-parameter log-logit dose-concentration model pooling 3 independent norflurazon 
growth rate inhibition experiments. The lowest observable effect occurred at 50 µg/L, while the 
EC75 was approached at ca. 12mg/L. For the experiment, 1000µgl and 2000µg/L were chosen. 
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3.2. Quality assurance of omics data acquired from time-course exposure 
experiment 

 Prior to interpretation of the biological stress response of C. reinhardtii to NF 
exposure over a time-course, the quality of the multi-omics data from these 

experiments was assessed for the individual omics platforms, and low-quality samples 
and variables excluded. 

 

Figure 27. m/z drift (measured in ppm in relation to average m/z value per peak over total multi-
analytical-batch run) and occurrence of missing values (“NA”) over run of the positive ion mode 
metabolomics assay, after peak alignment in the dataset with a 2ppm tolerance window. Specifically, 
a relatively large drift of instrumental m/z measurements was observed over the first ~50 injections 
and over the last ~250 injections, inducing loss of retained peaks in the dataset due to the large 
Euclidean distance to cluster centroids, which generated large numbers of missing values. This effect 
was observable over the complete m/z range. Regions with high numbers of missing values were 
excluded from further analysis, as indicated in the figure. 

Retained data 
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3.2.1. Quality assurance – Mass spectrometry data 

 High spectral peak m/z accuracy and precision are paramount for confidence in 
downstream (putative) annotation of spectral peaks in DIMS. However, substantial 
drift of the m/z calibration of peaks could be observed over the multi-batch sequence 

for the positive ion mode metabolomics assay in DIMS post-analysis (Fig. 27), but not 
in the negative ion mode metabolomics- or the lipidomics assay. Drift of this 
instrumental m/z calibration generated a large number of missing values (50-100% of 
peak intensities missing) in parts of the positive ion mode metabolomics dataset after 
global peak alignment using a 2ppm m/z tolerance window. LOESS batch correction 
was in this case unsuccessful to correct this problem, as the method filters missing-
value measurements to apply spline-based correction on peak intensity drift using QC 
pool samples which are evenly spaced throughout the sample sequence [329]. 
Increasing the width of the ppm tolerance window alleviated the problem when above 
a width of >3.5ppm, however this in effect would lead to high probability of 
misclassification of spectral peaks (and their drifting m/z calibration) during the 
spectral binning process in global peak alignment, and ultimately erroneous 
annotations. To retain stringent ppm tolerance parameters during peak alignment, the 
high missing-value sequence sections in the analysis sequence were removed from 
the dataset (Fig. 27). Additionally, only spectral peaks which could be uniquely 
assigned to a single hierarchical clustering bin during peak alignment were retained, 
to avoid mis-classification of peaks due to drift of instrumental m/z measurements over 
runtime. The subsequent LOESS batch correction performed efficiently hereafter 
(Suppl. Figs. SI-8 and SI-9). Due to randomization of analysis sequence and inclusion 

of 4 technical replicates per sample, the complete loss of samples from the dataset 
could be limited.  

 After all of the data processing steps and outlier removal, the following numbers 
of samples were retained in the dataset: Lipidomics assay = 187 of 216 samples (86% 
retained), metabolomics negative ion mode assay = 201 of 216 (93% retained), and 
162 of 216 (75% retained) in the positive ion metabolomics assay. Overall, RSD 
distributions (as a measure of technical instrument variance using QC samples, see 
Chapter 3 [276,465]) confirmed that the filtered datasets were of high technical quality 
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for all three DIMS assays (Fig. 28), with median values (mRSD) of 8.8% (positive ion 
metabolomics), 9.9% (lipidomics) and 13.9% (negative ion metabolomics). 

 Data were categorized into time-points, and significantly different spectral peaks 
(Welch’s t-test, FDR ≤ 0.05) were determined between exposure groups (High-vs-
Control, Low-vs-Control) per time point, and putative peak annotations were attempted 
using ChlamyCyc spectral database and MI-Pack [187,498] with an error tolerance < 
5 ppm. Significantly different spectral peaks were uniquely and putatively annotated  
with low- to moderate success rate per sampling time-point: 0 - 6.75% for lipidomics 
datasets, 0 - 16.4% for the positive ion metabolomics assay, and 0 - 20.6% for the 
negative ion metabolomics assays (Suppl. Tables SI-T5, SI-T6, and SI-T7), in line with 
DIMS metabolomics studies in other species. 

 

 

  

Figure 28. RSD distribution and Quality Control sample (QC) RSD metrics per DIMS assay 
(Lipidomics, positive- or negative ion mode metabolomics). QC mRSD are at or below 13.9% for 
all assays, indicating high technical quality. RSD distributions for sample batches B1/2/3 are 
drastically higher as these groups contain diverse samples from all exposure groups and time-
points randomized over run sequence, i.e. they are expected to reflect a relatively high biological 
metabolic variation. 
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3.2.2. Quality assurance – Transcriptomics data 

 Data acquisition and raw data processing of norflurazon and chlorobenzene 
samples (Chapter 5) was conducted as a single analytical batch. In the NF dataset, 
25 samples experienced substantial loss of sample material during either sampling or 

RNA extractions (Suppl. Fig. SI-10), leading to insufficient material for RNASeq library 
generation. Ultimately, 83 of 108 NF experimental samples (77%) could be 
successfully sequenced. For the dataset, metrics suggested that the transcriptomics 
data were of high quality. Phred scores above 35 (likelihood of correct base call = 
99.97%) were measured for all samples except a single (NF Time-point 8 “Low” 
replicate 4), which showed a Phred score = 25 but was retained in analysis (Fig. 29). 
Per-sequence GC content was in the range of 60-70% for the dataset, well within the 
expected range of the C. reinhardtii genome at 64-65% and higher than most 
multicellular eukaryotes [513,514]. Per-base N-content was close to zero for the 
overall dataset, the sequence length distribution had its single maximum at 
sequencing length minus trimmed adapter length. A median of 83.29% of reads over 
all NF samples could be uniquely mapped to the species genome. The group at time-
point 2 “Low” contained a single replicate, for DEG calculation this replicate was 
temporarily merged with “High” samples, and the group termed “Treatment”. 

Figure 29. Phred scores of the total dataset (norflurazon and chlorobenzene [Chapter 5] 
samples as a single analytical batch). Phred scores indicate the likelihood of a correct base call 
in Illumina RNAseq technology, Phred score at 30 or above suggest at least 99.9% likelihood 
of a correct call (= 100%*(1-(10^(-Phred_Score/10))). Only a single sample showed decreased 
scores (two technical replicates of ‘NF8L4’), with scores at all time still >25 (99.7% likelihood of 
correct call). Color guide: Green = Very good quality calls, Orange = reasonable quality calls, 
Red = poor quality calls. 
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3.3. Confirmation of NF exposure concentrations and adverse outcome 
induction 

 Measurements of an adverse outcome induction (growth rate inhibition) as well 
as quantifying the concentration of NF in the medium samples were both conducted 

to increase confidence in the experimental results and achieve phenotypic anchoring. 
Measured medium concentrations of NF (Fig. 30A) were well within range of the 
nominal exposure concentrations (1mg/L “Low”, 2mg/L “High”) with a slight upward 
trend overall, however the measured induction of growth rate inhibition (Fig. 30B) of 
the “High” concentration was higher than initially expected. Such divergence between 
results of individual growth inhibition assays have been observed before, owing to 
some differences in culturing of sensitive algal species [486,487,489,490] and were 
not unexpected considering the relatively steep slope of the concentration-response 
curve measured for NF (Fig. 26) and slight upward trend of measured NF 
concentrations from nominal.  

Figure 30. (A) Boxplots of exposure concentrations per group over time-course, measured 
by LC-MS/MS, and (B) boxplots of growth rate inhibition measured via CASY cell counting 
at 24h, post induction of the adverse outcome (inhibition of cell division). Marked in (A) is the 
limit of detection (LOD) for the applied LC-MS/MS method. 

A B 
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3.4. Global effects of norflurazon on C. reinhardtii biology 
 

 When comparing the complete datasets generated by the various omics 
platforms and applying unsupervised dimensionality reduction using principal 

component analysis (PCA), the maximal variance in the data could be described by 

Figure 31. PCA of complete dataset ( “NF” = Norflurazon, Time-point “TP” 1-9, “C”=Control, 
“L”=Low, “H”=High), for (A) Transcriptomics, (B) Lipidomics, (C) Metabolomics positive ion 
mode, (D) Metabolomics negative ion mode. Colored regions indicate the 95%-confidence 
intervals. Scaling differences between RNA and metabolite/lipid data stem from different 
data processing pipelines and are not indicative of quantity of molecular effects.  

A 

D C 

B 
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the developmental trajectory of C. reinhardtii cells progressing through the different 
sampling timepoints (Fig. 31). The global dataset with omission of the ‘time’-variable 
was here further termed the ‘collapsed dataset’. The crescent-shaped trajectory of PC 
scores was indicative of the underlying biological and developmental changes driving 
growth and position in cell cycle, as has been similarly observed for C. reinhardtii or 
other plants before [390,515]. For transcriptomics data, specifically time-points (TP) 8 
and 9 segregated themselves from the rest of the dataset, occurring immediately 
before the dark-light transition (TP80 and after entering dark-phase (TP9), 

Figure 32. PCA plots of (A) transcriptomics, (B) lipidomics, (C) positive ion metabolomics 
and (D) negative ion metabolomics, using the complete collapsed dataset (time variable 
omitted). Principal components were selected that highlight the underlying effects of 
increasing NF concentrations consistent over time-course. 

A 

D C 

B 
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representing the drastic changes cells are undergoing during this transition [193,197]. 
Upon isolated analysis of the “Control”-group, periodicity and time-dependence of 
specific biological processes could be traced over mid- and late cell cycle using k-
means clustering and gene ontology enrichment analyses (Suppl. Fig. SI-11), with 
results in agreement with previous profiling of C. reinhardtii cell cycle progression 
[193,218,390,391]. 

When collapsing the dataset, scrutiny of principal components 2-5 reveals that 
subtle but underlying NF-exposure related molecular effects were appreciable in the 
omics measurements. Specifically, PC3 and PC5 for transcriptomics data, PC2 and 
PC4 for the positive and negative ion metabolomics assays, respectively, and PC3 for 
the lipidomics data indicate an exposure-dependent effect consistent over all 
timepoints (Fig. 32), with transcriptomics data showing the most pronounced effects. 

Figure 33. Significantly different variables between exposure groups (Top = Low-vs-Control 
comparison, Bottom = High-vs-Control comparison), as represented by differentially 
expressed genes for RNA data (FDR ≤ 0.05, log2-fold change ≥ 2) and as spectral peaks 
significant between groups (Welch’s t-test, FDR ≤ 0.05). 
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In line with this observation, an immediate, consistent and substantial response of the 
transcriptome to NF exposure was appreciable early from TP1 in PCA (Suppl. Fig. SI-
12) and when calculating differentially expressed genes (DEG) over time-course (Fig. 
33), indicating high sensitivity of either the transcriptome itself as a result of exposure, 
high analytical precision of the instrumental platform, or both. Specifically, the “High” 
exposure group showed a highly consistent presence of DEG over the time-course 
with ever increasing number of DEGs over exposure time. The “Low” group showed 
10-fold increase in DEG (and later almost 100-fold) only beyond TP2, indicating 
possible activation thresholds of discrete adaptive/adverse effects in dependence of 
exposure concentration, or cumulative effects of toxicity [426]. 

Figure 34. Venn diagrams of 
significantly different spectral peaks 
in (A) lipidomics data, (B) positive 
metabolomics data, (C) negative 
metabolomics data, and of 
differentially expressed genes in (D) 
transcriptomics data. Comparisons 
of “High”-concentration to “Control” 
(“High/Ctrl”) and of “Low”-
concentration to “Control” 
(“Low/Ctrl”) are shown, intersections 
of circles show numbers of the 
differences that could be found 
within both comparisons. 
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When collapsing the dataset and drawing Venn diagrams of NF-induced 
significantly changing spectral peak intensities and DEG (Fig. 34), the considerable 
overlap between the High-vs-Control and the Low-vs-Control comparisons in all the 
omics the suggests similar NF-induced molecular effects at both exposure levels, with 
the higher NF exposure levels mediating a more diverse biological stress profile of C. 
reinhardtii. This high consistency of the molecular measurements of High-vs-Control 
and Low-vs-Control also builds further confidence in the technical quality of the 
exposures and subsequent omics measurements. Gene enrichment analysis of DEG 
in the collapsed transcriptomics dataset (Suppl. Fig. SI-13) using Joint Genome 
Institute biological process gene ontologies (JGI-GOs) indicated apparent down-

regulation of processes involved with cellular motility and cell cycle checkpoint 
progression, and upregulation of lipid metabolism and redox processes in the High-
vs-Control comparison, whereas downregulation of processes involved with cell cycle 
checkpoint progression marked the most-strongly enriched JGI-GO terms in the Low-
vs-Control comparison. However, DEG analysis and omission of ‘time’ as a descriptor 
variable could give here at best an initial insight when analyzing a time-course dataset. 
The large-magnitude oscillations of gene expression during growth and developmental 
trajectory (biological signal) in the collapsed dataset did likely overshadow the more 
subtle “Low”-concentration effects (toxicological signal) due to the primary reliance of 
DEG-calculation on significance and log2-fold change [446,516], whereas more 
diverse toxicological signals could be determined in the “High”-exposure group due to 
larger effect size of molecular changes vs. changes over time. When applying 
parametric gene set enrichment analysis (PGSEA) to a multi-group comparison [508], 
more nuanced insights into molecular changes induced by NF could be observed (Fig. 
35), due the focus of PGSEA on impact of individual biological pathways rather than 
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statistical significance [446,517]. As visible in the PGSEA heatmap, developmental 
patterns of gene expression over time-course still confound this mode of analysis 
strongly. However, PGSEA suggested that many observable changes were dose-
dependent and increased gradually over concentration. The top-30 FDR-ranked JGI-
GOs affected involved cellular motility, peroxisomal activity, membrane transport 
processes and general energy metabolism, some of which were reported previously 
as effects of NF-toxicity or general toxicant stresses [424,518,519] but could not here 
be precisely anchored in a time-dependent cause-effect progression using the 

Figure 35. JGI-GO enrichments of NF-induced changes in the collapsed transcriptomics dataset, 
identified by parametric gene set enrichment analysis (PGSEA; [508]). Gene ontologies are 
presented and ranked along their FDR. PGSEA allowed first insight into exposure effects even when 
collapsing the time variable, and indicated monotonous changes from Control gene expression over 
increase in exposure concentration. However, strong time-dependence of molecular perturbation can 
still be observed, indicating the present weakness of omitting time-course in analysis. Red = relative 
higher expression of gene, blue = relative lower expression of gene. Time-points are plotted from 
TP1 to TP9 per group from left to right. 
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collapsed global dataset. Specifically, reduction of cellular motility appeared to be one 
of the major NF-induced changes on the transcriptome.  

 The C. reinhardtii metabolome and lipidome appeared to be less sensitive to 
NF-induced changes in the collapsed dataset as well at individual sampling time-

points, with stronger effects by measure of significantly different spectral peaks 
between building after time-point TP4 (Fig. 33). Specifically, the positive ion 
metabolomics assay was less sensitive to changes at early time-points, which was 
potentially partially caused by the reduced sample size from m/z calibration drift 
corrective measures. At “Low” concentration, both the lipidome and the negative ion 
metabolome exhibited less than ten significantly different spectral peaks in immediate 
response to exposure at TP1. At “High” concentration the lipidome appeared most 
sensitive to NF, with consistently high numbers of significantly different spectral peaks 
throughout the time-course. However at and after TP5, all DIMS assays indicated 
higher numbers of significantly different spectral peaks (e.g.in the high hundreds of 
peaks), with classes significantly separating in PCA according to ANOVA of PC scores 
(Suppl. Fig. SI-12). The relatively higher analytical variance of DIMS (vs. RNA-Seq) 
likely played a further role in the reduced responsiveness of the metabolome and 
lipidome [355], with the PCA indicating relatively close clustering of groups in contrast 
to the transcriptomics data during the time-course pre-TP5, and much larger in-group 
variance as compared to the transcriptomics data. Overall, metabolite set enrichment 
analysis of significant features between groups (collapsed dataset without time 
variable) indicated no significantly enriched metabolic pathways, likely due to low 
putative spectral peak annotation success (Suppl. Tables SI-T5 /-T6/ -T7) and limited 

statistical power of the collapsed global dataset ignoring the time resolution provided 
by the experimental design. 
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3.5. Time-course analysis of norflurazon toxicity on algae 

 

 To enable a deeper interrogation of the multi-omics datasets, time-points were 
analyzed independently regarding gene-/metabolite set enrichment and DEGs, genes 
and spectral peaks were clustered according to their similarity in time-course profiles, 

and variables of interest submitted to enrichment analyses. Clusters of spectral peaks 
with similar time-profiles identified by metaboClust software could not be satisfactorily 
annotated and showed no significant metabolic pathway enrichments (Suppl. Table 
SI-T3, Suppl. Figs. SI-5/-6/-7). 

 

3.5.1. Cell motility inhibition dominates NF-induced changes on transcriptome  

 As indicated above for transcriptomics (not for lipidomics or metabolomics data), 
the apparent inhibition of cell motility was one of the strongest and consistent effects 
over time when scrutinizing both the collapsed dataset (Fig. 35) and individual time-
points. maSigPro time-profile clustering identified “Cluster07” (Fig. 36) that comprises 
genes showing significantly decreased expression at almost all sampling time-points 
and enriching over 30 JGI-GOs related to cellular motility and flagellar assembly 

Figure 36. Time-course plot of maSigPro gene “Cluster07”, functionally enriched with 
gene ontologies involving cell projection, cilium assembly, -regeneration and ciliary 
motility (Fig. 37) Plotted are replicate medians of all genes per time-point, and the median 
over replicate medians per time-point connected by a line per group. Significant changes 
in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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(Suppl. Table SI-T10). Accordingly, similar enrichments were found in DEG (Table SI-
T8) between the High-vs-Control comparison (significant at all sampling time points 
and within collapsed dataset), the Low-vs-Control comparison (significant at all time 
point except TP2, TP8 and TP9), and in the top-30 gene sets in PGSEA (collapsed 
dataset and at all sampling time points except TP2, TP7 and TP9; see Table SI-T9). 
The effect showed a consistent concentration-dependency (larger effect in “High” 
concentration) over NF exposure concentration for the entire time-course, including 
as early as 1 h after the NF exposure started (Fig.  36). The identified gene 
“Cluster07” enriched over 30 JGI-GOs including “Microtubule-based process”, 
“Microtubule-based transport”, “Cilium of flagellum-dependent cell motility”, 

“Locomotion”, etc. (Fig. 37). The gene cluster specifically contained genes coding 
proteins related to C. reinhardtii flagellar function, including flagellar 
axoneme/microtubule proteins (e.g. TUBA/TUBB), dyneins (e.g. DHC10, IDA7), and 
those involved in intra-flagellar transport (e.g. IFT122).  

Figure 37. Network representation of JGI-GO categories related to cellular motility as 
discovered by maSigPro time-profile clustering (“Cluster07”). Distance of the lines 
(“edges”) is a measure of similarity, size of the nodes (bright green) is relative to 
significance of enrichment of the ontology term. 
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 Inhibition of C. reinhardtii cellular motility on a phenotypical level has been 
reported for exposure to Anabaena toxin [520], selenite [521] or in other algae exposed 
to heavy metals [522,523]. Flagellar regeneration and algal cell motility was reported 
previously as one of the most substantially impacted biological processes on the 
transcriptome of C. reinhardtii after toxicant exposure. For instance, exposure to 
inorganic and organic mercury species led to significant and substantial 
downregulation of gene ontologies comprising flagellar constitution, growth control 
and regeneration processes, involving axonemal dynein synthesis, flagellar ATPases, 
motor proteins, basal bodies and intra-flagellar-associated proteins [246,247,524]. 
Similarly, exposure to copper or lithium led to significant reduction of cellular motility 

and flagellar growth [525,526].  

 In healthy cells, structural microtubular proteins of C. reinhardtii flagella (e.g. 
TUBA/TUBB, dyneins) undergo a dynamic cycle of loss and re-construction due to 
environmental influences, attrition and intra-cellular protein recycling [192,527–529]. 
Reduction in TUBA/TUBB biosynthesis and intra-flagellar protein shuttling by the IFT 
gene family [530] thus likely leads to cumulative loss of flagella regeneration over cell 
cycle, as potentially observed here. Flagellar assembly (including axoneme, basal 
bodies and intra-flagellar transports) in healthy cultures was previously reported to 
increase briefly in activity immediately before, during and after cytokinesis, indicating 
growth of flagellar of divided cells after retraction of the same before cytokinesis [193]. 
Fig. 38 shows a similar increase in gene expression in “Low” and “High” at TP8 and 
TP9, however reduced as compared to “Control” cultures. Concordant lack of related 
gene ontologies from DEG enrichments of the “Low” group at TP8/9 (Suppl. Table SI-

T8), and from the top-30 gene sets in PGSEA at TP9 was appreciable. These last 
sampling time-points are located at and shortly after the light-dark transition, and are 
marking cell cycle stages of nuclear and cellular division in synchronized cell cultures 
[193,197,198,470]. 

 Such molecular effects have to date not been reported before for C. reinhardtii or 
more generally for microalgae exposed to NF. Overall, multiple possible scenarios 
could result in inhibition of cellular motility, for instance potential existence of a 
secondary molecular target of NF on the pathway of flagellar protein synthesis, 
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requiring targeted follow-up studies to evaluate this hypothesis. More likely however, 
given the previous observations of reduced motility following a wide range of chemical 
stressors (see above) is the general redirection of energetic flux from the metabolic 
cost of cellular movement (microtubule synthesis, intra-flagellar protein transport, etc.) 
towards adaptive and compensatory responses to toxicant exposure during the 
cellular growth phase of cell cycle (TP1 – TP7). Partial, but compared to “Control” 
reduced re-activation of these pathways in exposed cultures (mainly in “Low” and to a 
much lesser degree in “High” group) was observed at the later time-points (TP8 and 
TP9) during flagella synthesis, the latter being required for newly-divided cells 
(zoospores). 

  

Figure 38. Heatmap of the cell motility gene cluster, showing relatively increased (Red) and 
decreased (Blue) gene expression profiles of “Control”, “Low” and “High" groups over the 
normalized complete dataset. Indicated are time-points 8 and 9 (TP8/9) in exposed groups, 
showing slight increases of gene expression at these late time-points in the "Low” group, but also 
for parts of the gene cluster in the “High” group. 
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3.5.2. Norflurazon induces oxidative stress and perturbs redox homeostasis and 
lipid metabolism 

 A second prominent effect of NF on C. reinhardtii was a delayed but significant 
induction of genes enriching ontologies related to lipid catabolism and lipid β-oxidation 

processes. Upregulated DEGs at time-points 5-9 (TP8 only in “High”; Suppl. Table SI-
T8), in the collapsed dataset (“High” group), and in the top-30 gene sets in PGSEA at 
time-points 4-7 (Suppl. Table SI-T9) were found enriched with these and closely-
related ontologies. When analyzing the time-course behavior of these genes, NF 
concentration- and time-dependency of effects were found, with a significant 
upregulation and departure from “Control” expression levels at and after TP3 and 
highest expression levels reached at the latest sampling time-points (Fig. 39A). A 
similar but delayed relationship was observed for the JGI-GO “Oxidation-reduction 
process”, significantly upregulated from TP5 to TP9 (Suppl. Fig. SI-14).  

Figure 39. Time-course plot, median of genes per replicate and median of medians with 
connection line. Showing expression for (A) “Lipid catabolism" and "b-oxidation" JGI-GOs, 
and (B) Sulphur metabolism (combined JGI-GOs “Glutathione metabolic process”, “Sulfur 
Synthesis“, “Methionine Metabolism” and “Sulfur Amino Acid Synthesis”). Significant 
changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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 Upregulation of various markers of oxidative stress caused by norflurazon were 
previously reported, including chloroplastic peroxiredoxin PRX1, thioredoxins TRXf 
and TRXm, and superoxide dismutase FSD1, cytosolic TRXh, mitochondrial PRX7, 
and downregulation of cytosolic PRX2 [424]. The new data collected data agreed 
overall with existing findings, however more nuanced differences were found in the 
time-course analysis of synchronized cultures (Suppl. Fig. SI-15 to -23). In the 
chloroplast, PRX1 was upregulated from TP4 to TP8, and downregulated at TP9, 
TRXf/x/y were upregulated from TP4 to TP9, and FSD1 was upregulated from TP5 to 
TP9 [531]. Cytosolic PRX2 and TRXh were as well upregulated from TP5-9, whereas 
mitochondrial TRXo and PRx7 were upregulated only at later time-points, from TP6 to 

TP9. Time-course plots of oxidative stress markers split per organellar compartment 
(Fig. 40) suggest delayed response to oxidative stress in cytosol and mitochondria as 
compared to earlier onset in the chloroplast, pointing to chloroplast-initiated oxidative 
stress. 

 Markers for increased sulfur metabolism were found as part of the homeostatic 
response to reactive oxygen species (ROS) [192], with the “Glutathione metabolic 
process” JGI-GO identified within the top-30 gene sets in PGSEA as upregulated at 
TP3, “Sulfur Synthesis“ and “Methionine Metabolism” upregulated at TP5, and “Sulfur 
Amino Acid Synthesis” upregulated at TP6 and TP8 (Suppl. Table SI-T9). A set of 
genes enriching the KEGG pathway “Sulfur metabolism” and JGI-GO “Sulfur 
compound transport” was further identified by maSigPro “Cluster01” (Suppl. Tables 
SI-T10 and TI-11, Suppl. Fig. SI-25). In a previous investigation in non-synchronized 
cells, a lack of C. reinhardtii glutathione-S-transferase (GST) stimulation was observed 

in response to NF exposure [424]. Here, upregulation of GST and mitochondrial GSTm 
at TP5 to TP8 and related enzymes such as glutathione synthetase GSH1 
(upregulated at TP5 to TP9) were measured. Combining non-redundant genes from 
JGI-GOs “Glutathione metabolic process”, “Sulfur Synthesis“, “Methionine 
Metabolism” and “Sulfur Amino Acid Synthesis” and plotting expression over time (Fig. 
39B), a trend towards increased expression is observed as early as TP1, with group 
differences significant and increasing at TP2, and clearly evident from TP5 to TP9. 
More support for an oxidative-damage driven mechanism was the presence of 
upregulated antioxidant synthesis. The JGI-GO “Flavin-compound biosynthesis” was 
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in the top-30 gene sets in PGSEA at TP3-5 (Suppl. Table SI-T9), with riboflavin 
specifically promoting the degradation of norflurazon [532,533]. 

 NF is known to induce oxidative stress through inhibiting photo-protectant 
carotenoid compound synthesis [350]. The early increase in sulfur metabolism was 
here indicative of an immediate defensive response in reaction to ROS. Algal fatty 
acids are synthesized in the chloroplast stroma [534], the observed β-oxidation and 
lipid catabolism was thus proposed here as the resulting molecular detoxification and 
degradation mechanism of oxidized fatty acids, themselves resulting from oxidative 
damage to membrane lipids of the sensitive chloroplast thylakoids [535]. Decrease of 
chloroplastic lipids like monogalactosyldiacylglycerols (MGDG) as seen in NF-treated 
soy bean [536] was measurable here as well on the lipidome of C. reinhardtii, 

recording a trend over time of decreasing levels of two measured spectral peaks 
putatively annotated as 18:2-MGDG species (Suppl. Figs. SI-26 and SI-27).  With, 

Figure 40. Comparison of 
oxidative stress markers from 3 
cellular compartments in C. 
reinhardtii.  Time-points with 
significant differences between 
exposure groups (ANOVA) are 
shaded yellow. Chloroplast 
markers have a trend for 
upregulation from TP2, whereas 
significant differences were 
observable at TP3 and TP5-9. 
Cytosolic and mitochondrial 
markers overall were appreciable 
only considerably later (from TP5 
and TP6, respectively), 
suggesting initiation of ROs in the 
chloroplast compartment and 
propagation of ROS damage at 
later time-stages into 
neighbouring compartments. 
Significant changes in expression 
(ANOVA) are indicated by * 
(FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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significant differences were present at most but not all sampling time-points, 
potentially owing to the higher variance of lipidomics measurements.  

 Concurrent to (membrane) lipid damage, protein degradation was ranked high in 
the top-30 gene sets in PGSEA using the collapsed dataset (Fig. 35), with significantly 

upregulated JGI-GOs for “Peroxisomal transport” and “Protein targeting to 
peroxisome” steadily increasing after TP5 (Suppl. Fig. SI-28). Peroxisomes are the 
site of protein- but also of further fatty acid degradation in algae [537–539]. As 
identified by KEGG pathway enrichments of maSigPro “Cluster03” genes (Suppl. Fig. 
SI-29, Suppl. Table SI-T12), fatty acid biosynthesis was upregulated significantly from 
TP3 to TP7, and downregulated thereafter. This stimulation of lipid synthesis and lipid 
metabolism was observed previously for algae exposed to NF, other ROS-inducing 
herbicides, or high-light stress [424,538,540,541], and is proposed here as 
compensatory mechanism resulting from oxidative damage initially localized to 
chloroplast membranes and membrane proteins. Further proposed is a downstream 
overpowering of the homeostatic lipid and protein catabolism capacity in chloroplasts 
and peroxisomes (recycling of damaged species) over time. A steady accumulation of 
ROS, as suggested by increasing gene expression of lipid catabolism and redox 
markers (Figs. 39 and 40) likely led to a tipping point and propagation chains of 
oxidative damage to neighboring cellular compartments [396,542], as indicated by 
delayed oxidative stress markers in cytosol and mitochondria (Fig. 40). 
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3.5.3. Norflurazon impacts pigment metabolism up- and downstream of 
molecular target 

 Carotenoids are pigments that act as plastid photoprotectants via ROS 
quenching and non-photochemical excess energy dissipation [543]. The primary 

mechanism of NF is the inhibition of the enzyme phytoene desaturase (PDS), effecting 
accumulation of its substrate phytoene and overall depletion of downstream 
carotenoids [338,544–546] in the carotenoid synthesis pathway (Suppl. Fig. SI-65). In 
this dataset, few carotenoids could be measured using DIMS, likely due to limited 
ionization of long-chained lipids in the electrospray source [547]. In the collapsed 
global dataset, pathway overrepresentation analysis of significant spectral peaks in 
“Low” and “High” groups on Arabidopsis metabolic pathways indicated dysregulation 
of carotenoid metabolism, however highly non-significant (FDR = 0.93 and 1, 
respectively). Transcriptomics data maSigPro time-profile clustering identified a 
“Cluster05” containing genes enriching the KEGG pathway “Carotenoid Synthesis” 
(Fig. 41, Suppl. Table SI-T13). Dysregulation (Up: TP1, TP2-TP8; Down for “High”: 
TP9, Down for “Low”: TP8) of the gene cluster was significant at all time-points except 
TP2, which may have been caused by the low sample size in both exposure groups 
(Fig. 41). Enrichment of JGI-GO “Carotenoid biosynthetic process” was further found 
in the top-30 gene sets in PGSEA at time-points TP1 and TP4-7 (Suppl. Table SI-T9).  

Figure 41. Time-course plot, median of genes per replicate and median of medians with 
connection line, showing expression of the genes in maSigPro “Cluster05” enriching 
KEGG pathway “Carotenoid synthesis”. Significant changes in expression (ANOVA) are 
indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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 Previous omics investigation did not indicate any specific disruption of the 
carotenoid synthesis pathway and NF’s molecular target PDS following NF exposure 
[424], stressing difficulty of discovering molecular targets (MIE in AOPs) using omics. 
Targeted biochemical analysis in other plants on occasion found downregulated PDS 
after NF treatment [545,548]. Differences in overall experimental design, analytical 
technology, computational analysis or simply cross-species differences might partially 
explain such observations, however overall, an increase of PDS expression stands to 
reason after NF exposure and is to be expected in the plant kingdom [338]. Here, the 
enzyme PDS was significantly upregulated at all timepoints except TP2 (low n) and 
TP3 (Fig. 42), and was element of the identified maSigPro “Cluster05”. Overall, the 

genes in the KEGG carotenoid synthesis pathway (KEGG ‘cre00906’) were 
significantly upregulated at all time-points prior to TP8 (Suppl. Fig. SI-31). A spectral 
peak putatively annotated as the upstream precursor substrate compound of the 
carotenoid pathway, geranylgeranyl diphosphate (GGPP) and its intermediate 
dihydro-geranylgeranyl diphosphate, were found at lower levels in NF-exposed algae 
than in control cultures (significant at multiple time-points), suggesting depletion of 
free substrate as overcompensation to downstream pathway activation (Fig. 43A and 
B). Similarly, the non-mevalonate pathway including its key pathway enzymes CMS 
and MEcPP synthase involved upstream in GGPP-synthesis [549–551] were found 
significantly upregulated at all time-points except TP2 and -3 (Suppl. Fig. SI-32), 
whereas peak intensities of the spectral peak putatively annotated as its pathway 
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Figure 42. Time-course profile of NF’s molecular target, phytoene desaturase (PDS1). 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) 
or *** (FDR<0.001). 
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intermediate 2-C-methylerythritol 4-phosphate (MEP) were significantly reduced at all 
time-points compared to “Control” (Fig. 32 C). Overall, rapid clearance of pigment 
precursors and pathway intermediates was indicated to compensate for lack of 
generated carotenoids, terpenoids and other related downstream phytochemicals 
[552]. 

 The overall reduction of photoprotectants has a marked downstream effects on 
photosynthesis - catabolism of photosynthetic apparatus, deterioration of the lamellar 
system and decrease of energy yield from electron-transport in photosystem I and II 

(PS-I/II) are generic effects induced by NF exposure [553–555]. In the collapsed 
metabolomics and lipidomics datasets, DIMS data pathway overrepresentation 
analysis of “High” (but not “Low”) group differences from “Control” cultures indicated 
significant enrichment of “Porphyrin and chlorophyll metabolism” (FDR = 4.7 x 10-16), 

Figure 43. Normalised peak intensities of spectral peaks putatively annotated as (A) 
geranylgeranyl diphosphate (B) dihydro-geranylgeranyl diphosphate, and their precursor 2-
C-Methylerythritol 4-phosphate (MEP), over time-course. Significant changes in peak 
intensity (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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showing increased intensities of spectral peaks putatively annotated as various 
photosynthetic pigments and pathway intermediates, including pheophorbide-a, Mg-
protoporphyrin, primary fluorescent chlorophyll- and red chlorophyll catabolites, divinyl 
chlorophyllide-a, or chlorophyll-a. The pathway was also significant enriched in 
overrepresentation analysis when analyzing significant spectral peaks at individual 
time-points, for group “Low” at TP4 and TP9 (FDR = 0.0035 and 0.019, respectively), 
and group “High” at TP6, TP8 and TP9 (FDR = 0.0009, 0.004 and 0.0006, respectively). 
This pathway was not enriched in DEG analysis nor in the top-30 enriched gene sets 
of PGSEA of the collapsed transcriptomics dataset (Fig. 35, Suppl. Fig. SI-13), 
however maSigPro time-profile “Cluster03” genes enriched KEGG pathways 

“Photosynthesis”, “Porphyrin and chlorophyll metabolism” (Fig. 45), “Carbon fixation” 
and “Photosynthesis – antenna proteins”, amongst others significantly upregulated at 
TP3 to TP7 (Suppl. Fig. SI-29 and Suppl. Table SI-T12). PGSEA of individual time-
points showed upregulated gene sets for various JGI-GOs involving formation of 

Figure 44. Increased intensities of spectral peaks putatively annotated as (A) Mg-
Protoporphyrin IX and (B) pheophorbide-a, two chlorophyll synthesis pathway 
intermediates. Significant changes in peak intensity (ANOVA) are indicated by * 
(FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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thylakoid and plastid structures, and “Regulation of Photosynthesis” at TP1 and TP3-
6 (Suppl. Table SI-T9). DIMS here tended to detect consistent accumulation or 
depletion of putatively annotated pigment intermediates at all time-points including 
dark-zone (Figs. 43 and 44), whereas transcriptomics analysis indicated that the 
primary response to lack of photo-protectants was localized during the light zone 
primarily (TP1-TP8; Suppl. Fig. SI-29 and Suppl. Table SI-T12).  

 Induction of porphyrin- and chlorophyll biosynthesis appears to be a 
compensatory mechanism to NF-induced chlorophyll oxidation by ROS [424,518], with 
the metabolic pathway enriched by significant changes on the metabolome, 
transcriptome and lipidome as indicated by generally applicable set enrichment 
analysis on multi-omics data (FDR=0.027, Fig. 45). Precursor metabolism was equally 
upregulated as shown by increase in geranylgeranyl reductase (GGR) expression 
(Suppl. Fig. SI-33), similar to Ref. [424]. Further, accumulation of a chlorophyll spectral 
peak putatively annotated as the pathway intermediate, Mg-protoporphyrin IX (Fig. 
44A), appears to have played a role here in chloroplast-nucleus signaling of 
chloroplast remodeling processes [550,556–559]. The concordant accumulation of 
pheophorbide-a [560] was likely an additional result of NF-induced porphyrin 
metabolism upregulation (Fig. 44B, Suppl. Fig. SI-31). The latter as observed here is 
likely a redirection of metabolic flux to increase pigment levels for scavenging reactive 
intermediates and protect photosynthetic apparatus [519,545]. 

 Up-regulated gene expression of chloroplast- and thylakoid membrane proteins 
as a likely concomitant compensatory reaction to NF-induced ROS damage [424] was 
reflected by enrichments of maSigPro time-profile “Cluster03” and “Cluster08” genes 
(Suppl. Figs. SI-29 and SI-34, Suppl. Tables SI-T12 and SI-T14), comprising subunits 
of photosystem antenna proteins, cytochrome-b6f and light-harvesting complex 
proteins, emphasizing perturbation and regenerative activity of photosystem subunits 
to sustain of function during cell growth after NF exposure [545]. Most carotenoids and 
all chlorophylls are bound to antenna proteins, which themselves are situated in 
thylakoid membrane [561,562]. Due to ROS damage to proteins and membrane lipids, 
synthesis of these components and general plastid maintenance was likely increased 
[563–565]. Previously, NF-exposure and perturbance of the carotenoid synthesis 
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pathway in C. reinhardtii was associated with decreased presence of all nine 
chlorophyll-binding- (light-harvesting complex; lhc) along deterioration of other 
thylakoid membrane proteins [566–570], the former suggested as biomarkers of 
chloroplast ROS generation [424,550,566,567,569]. 

 Experiments in non-synchronized C. reinhardtii cultures found further evidence 
of photosystem damage by measuring increased levels of VIPP1, an enzyme 
associated with thylakoid formation and remodeling [424,571]. In the present 
experiment using synchronized cultures, large-magnitude upregulation of VIPP1 was 
specifically found only at the last two sampling time-points TP8 and TP9 (Suppl. Fig. 
SI-35), suggesting this gene as a marker of accumulative ROS damage specifically 
measurable during chloroplast organelle repair and division prior to cell division 
[192,572]. In this context, upregulation of the JGI-GO “Lysine biosynthesis” was 
present within the top-30 gene sets in PGSEA of TP3-7 (Suppl. Table SI-T9 and Suppl. 
Fig. SI-36), and found enriched by maSigPro “Cluster05” genes (Suppl. Table SI-T13, 
Suppl. Fig. SI-30), which along with its support proteins ETFa/-b (upregulated from 
TP6 to TP9; Suppl. Fig. SI-37) was recently associated with chloroplast maintenance 
[573,574].  
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Figure 45. Shared generally applicable pathway enrichment analysis of lipid, metabolite and 
RNA expression data on the KEGG pathway for porphyrin and chlorophyll pigment synthesis 
(FDR = 0.027). Up- or down-regulation of genes is marked by green or red coloration, lower 
or higher spectral peak intensities are marked by blue or yellow coloration. Green enzyme 
names reflect ‘KEGG common enzyme names’. 
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3.5.4. Homeostatic activation of gene expression and protein synthesis 

 NF-induced toxic insult had a non-centralized stimulative effect on general gene 
expression activity and protein synthesis, likely related to adaptive mechanisms to 
toxicant exposure. Metabolism and synthesis of amino acids was enriched by 

maSigPro “Cluster05” genes (Suppl. Table SI-T13, Suppl. Fig. SI-30), specifically 
KEGG pathways “Biosynthesis of amino acids”, “Phenylalanine, tyrosine and 
tryptophan biosynthesis”, “Aminoacyl-tRNA metabolism”, “Ribosome” and “Protein 
export”, upregulated from TP3-8 and downregulated at TP9, and “Branched-chain 
amino acid metabolic process” as identified by PGSEA top-30 gene sets of the 
collapsed global transcriptomics dataset (Fig. 35). Stimulation of protein synthesis was 
observed previously in NF-treated C. reinhardtii, involving cytosolic, plastidic and 
mitochondrial ribosomal activity [424], and specifically increase of various protein 
precursors in chloroplasts [575]. Additionally, lower levels of the protein trafficking 
markers SEC23-/24A could be associated to NF exposure [424], which expression 
was here found to be downregulated only at late TP8 and TP9 (Suppl. Fig. SI-38). 
This, at large, underscores a general increase in gene expression and protein 
translation, activation and modification towards homeostatic regulatory processes as 
response to NF-induced cellular stress. 

 
 

3.5.5. Downstream effects on energy metabolism, metabolic flux and transport 
processes 

 Changes on different energy pathways were recorded in the present data using 
the global collapsed transcriptomics dataset, and various individual time-points (Fig. 
24, Suppl. Tables SI-T8 and SI-T9). Expression of the membrane transporter AMTF1 
for ammonium, the primary nitrogen source for C. reinhardtii strain CC-125, was 
reduced over the complete sampling time-course (Suppl. Fig. SI-39), in contrast to 
observed induced amino acid synthesis but in line with previous findings [424]. This 
might suggest a to-date unexplored nitrogen homeostatic mechanism as stress 
response, and/or potential cross-talk between dysregulated nitrogen and carbon 

assimilatory metabolism [576,577]. Metabolism and uptake of carbon was strongly 
altered by NF exposure. CCP1/2, markers of inorganic carbon metabolism in algae 
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[192,578–581], were significantly downregulated in the light- and photosynthetic 
phase of cell cycle from TP2-TP7 (CCP2 not at TP4 and TP5), with downregulation at 
later time-points TP6 and TP7 (Suppl. Fig. SI-40). On the other hand, activity of 
carbonic anhydrase CAH3 specific to chloroplast inorganic carbon uptake and 
concentration, and markers for calvin cycle activity FBP1 were significantly 
upregulated at TP3-TP8 (Suppl. Fig. SI-41) [192,424]. CCP1/2 are required for overall 
cellular growth but not for photosynthesis [579], suggesting rechanneling of metabolic 
energy from cell growth towards carbon pooling for increase in photosynthetic activity 
as response to chloroplastic NF ROS stress.  

 Upregulation of glycolysis, pyruvate- and propionate metabolism was identified 
in maSigPro “Cluster03” gene enrichments (Suppl. Fig. SI-29, Suppl. Table SI-T12), 
and pentose-phosphate and glyceraldehyde-3- phosphate (g3p) metabolism by 
PGSEA at TP6 (Suppl. Table SI-T9). Pyruvate is the breakdown product of glycolysis, 
but also a fermentation product in chloroplasts, mitochondria and cytosol for energy 
generation in darkness [390]. The upregulation of glycolysis, pentose-phosphate 
pathway from TP3-7 (Suppl. Fig. SI-29) and g3p at TP1 and TP4 to TP9 (Suppl. Fig. 
SI-42) could be indicative of general increase in energy generation to meet the 
metabolic cost of ROS defensive mechanisms. G3p-, glycolysis and pyruvate 
metabolism though are additionally required for generation of substrates for the non-
mevalonate pathway and GGPP-synthesis for porphyrin-, carotenoid- and terpenoid 
synthesis, thus are likely associated with observed upregulation of various pigment 
synthesis. Further, pyruvate has been suggested to protect mitochondria from ROS in 
human cells [582] - a potentially similar role in plants or algae though remains to be 

demonstrated.  

 A downregulation of expression of calcium-binding-, calcium transmembrane 
transport proteins and calcium channel kinases was further discovered by cluster 
analysis (Fig 46). Calcium serves in plants as general regulatory signaling molecule, 
e.g. in feedback mechanisms involving successful photosynthesis and carbon fixation 
[583,584]. Specifically, it was previously associated with cytosol-mitochondrion 
calcium-potential modulation in response to ROS or heat shock [585–587], or correct 
functioning of flagellar motility and regeneration [192,588]. Overall, down-regulation of 
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calcium signaling and membrane-transport processes appears here as a result of 
systemic metabolic disruption, modulating further downstream adaptive or adverse 
responses, potentially including upregulation of chloroplast remodeling or reduction of 
flagellar regeneration. 

 
 

 
  

Figure 46. (A) Heatmap and (B) JGI-GO enrichment tree (along FDR) of a gene cluster 
significantly downregulated from TP5 to TP9 in the collapsed dataset. Color red indicates 
relatively increased expression, color blue indicates relative reduction in gene expression. Size 
of the nodes indicates degree of significance, the distance of the clusters connected by the branches of 
the dendogram is relative to the ontological similarity of gene sets. 

 

A 

B 
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3.5.6 Genomic damage, cellular catabolism and apoptosis conclude the cell 
cycle of NF-exposed C. reinhardtii  

 Delayed onset downstream effects of cumulative oxidative stress damage were 
appreciable over the time-course experiment. DEGs of TP8 and TP9 enriched for both 

exposure groups multiple JGI-GOs, including “Macroautophagy”, “Autophagosome 
assembly” or “Organic substance catabolic processes” – these GOs were also located 
within the top-30 gene sets in PGSEA for these time-points (Suppl. Tables SI-T8 and 
SI-T9), as well as found enriched by genes of maSigPro “Cluster01” (Fig. 47, Suppl. 
Fig. SI-24). Autophagy is an auxiliary homeostatic response mechanism, and in algae 
is specifically linked to the upregulation of the autophagy-related genes (ATG) in 
processes of general metabolic adaptation to cellular stress and recycling of degraded 
cellular components [543,566,589,590]. Specifically in context of NF-/Carotenoid-

A 

Figure 47. Representation of the genes associated with JGI-GOs comprising 
autophagic mechanisms and catabolism of organic substances. Distance of the lines 
(“edges”) is a measure of similarity, size of the nodes (bright green) is relative to 
significance of enrichment of the ontology term. (A) Network map for, and (B) 
expression heatmap of maSigPro “Cluster01” genes enriching said JGI-GOs, 
indicating relative increase (red) or reduction (blue) in gene expression. Time-points 
8 and 9 (TP8/9) are marked on the heatmap for exposure groups “Low” and “High”. 

B 
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Inhibition-induced ROS induction in C. reinhardtii, increased expression of ATG8 was 
observed previously [543]. This autophagy in response to accumulation of degraded 
cellular material may be delayed by multiple hours in plants [591]. Here, time-course 
omics profiling of the C. reinhardtii autophagic response suggested significant and 
substantial increase of ATG8 but also ATG4/6 and -12 at time-points TP8 and TP9. 
Concordantly, upregulation of the general marker of autophagic response GPXH  
[531,590,592] was significant from TP6-TP9 (Suppl. Fig. SI-43).  

Figure 48. Heatmap (A) of gene expression (blue = relative reduction, red = relative 
increase) and (B) network map of JGI-GOs enriched by a gene cluster discovered by 
hierarchical cluster analysis, signalling activity of macromolecular mitotic processes 
including microtubule-/ cytoskeletal binding and chromosome organization processes, 
with increased expression almost exclusively only observable in control cultures. 
Distance of the lines (“edges”) is a measure of similarity, size of the nodes (bright green) 
is relative to significance of enrichment of the ontology term.  
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 More observed changes located at the tail of the cell cycle and sampling time-
course were marked by JGI-GOs encompassing regulation of cell cycle progress, cell 
cycle checkpoints and regulation of mitotic activity. These were enriched by DEG and 
located in the top-30 gene sets in PGSEA at TP8 and TP9 (Suppl. Tables SI-T8 and 
SI-T9), comprising “Chromosome separation”, “Mitotic cell cycle”, “Microtubule 
organization”,  “DNA replication”, “Chromosome segregation”, “Organelle fission”, 
“Sister chromatid segregation”, “Nuclear division”, “Protein polymerization”, 
“Regulation of cell cycle”, “Cytokinesis”, “Cytoskeleton organization”, “Spindle 
organization”, “Cell wall organization”, among others. After propagation of ROS from 
chloroplast into cytosol as indicated above, the cellular nucleus was likely a further 

target of ongoing oxidative stress propagation chains. Prior to DNA replication, cell 
cycle arrest was likely activated upon sensing of DNA damage to allow repair 
mechanisms [593,594]. Dysregulation of the JGI-GO “Cell cycle organization” was 

Figure 49. Time-course profiles of maSigPro (A) “Cluster02” and (B) “Cluster06”, both 
strongly enriched with JGI-GOs related to DNA repair mechanisms, cell cycle checkpoint 
activity, and mitotic and chromosomal organization (see Suppl. Fig. SI-45). Significant 
changes in gene expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or 
*** (FDR<0.001). 
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reported before for C. reinhardtii NF exposure [424]. In the present study, expression 
of genes enriching discussed JGI-GOs was severely reduced in exposed cells. Actin 
microtubule synthesis and formation is necessary during all mitotic stages and 
cytokinesis [595], with cytoskeleton and microtubule assembly activated slightly before 
and during cell division [192] – here as expected, expression of these spiked at TP8 
and TP9 almost exclusively in “Control” cultures (Fig. 48). Similarly, DNA unwinding 
by helicase activity and associated processes including initiation of DNA replication 
was observed almost exclusively in “Control” cultures (Suppl. Fig. SI-44). As 
previously reported [424], related topoisomerase SPO11a and septin-like protein 
SPE1 were downregulated significantly in exposed cultures, however only at TP8-TP9 

(Suppl. Fig. SI-46). 

 maSigPro “Cluster02” and “Cluster06” (Fig. 49) confirmed these findings, 
identifying subsets of genes enriching JGI-GOs for various DNA repair processes and 
chromosomal organization (Suppl. Fig. SI-45), along KEGG pathways involved in DNA 
repair processes, including “Base-excision repair”, “Mismatch repair”, “Nucleotide 
excision repair”, “Homologous recombination” and “Non-homologous end-joining” 
(Suppl. Table SI-T15). Ultimately, significant expression of apoptotic markers (Fig. 50) 
could be observed at TP8 and TP9 for expose cells in a concentration-dependent 
relationship. Genomic and cellular damage was likely sensed as exceeding repair 
capacity, and programmed cell death was induced as the final effect of oxidative stress 
propagation as described before in plants [596]. The target-of-rampamycin (TOR)-
kinase was equally upregulated at these late stages (TP8, TP9) of exposure (Suppl. 
Fig. SI-47). TOR in plants mediates photosynthetic function, but more importantly is 

directly controlling autophagic mechanisms, phytohormone signaling, control of actin-
like cytoskeleton assembly, cell wall elongation during growth, and apoptosis 
[597,598]. This is supported by above findings along observed decrease in “Plant-type 
cell wall” JGI-GO at TP9 (PGSEA; Suppl. Table SI-T9; Suppl. Fig. SI-48). 

Summarizing, the final downstream effect of NF proposed here involved an 
apparent accumulation and monotonous increase of degraded cellular components 
exceeding the recycling capacity during the light zone, which induced an autophagic 
response at late timepoints [531,543,566,590,592,599]. Excessive ROS damage to 
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cellular-, nuclear components but specifically genomic material then likely effected cell 
cycle arrest [593,600,601], followed by further accumulation of ROS, excessive and 
irreparable damage to the nuclear genome, ultimately succeeded by programmed cell 
death [542,596,599,602]. 

  

Figure 50. Heatmap of GO comprising apoptotic mechanisms, visible induction only at “Low” 
and “High” concentrations at the last time-points, TP8 and TP9. Time-points 8 and 9 (TP8/9) 
are marked, color red indicates relatively increased gene expression, blue relatively decreased. 
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3.6. Time-course multi-omics exposure data support existing understanding of 
acute NF chemical MoA and aid construction of a hypothetical AOP draft for C. 
reinhardtii 

 

 The main scientific objective of the present study (Scientific Objective III, see 

Chapter 1) was to perform an omics-driven hypothesis of acute chemical MoA for 
model toxicants – initially guided by existing knowledge on MoA to show general 
applicability of the approach (norflurazon, this chapter), and subsequently applied to 
a toxicant with a poorly described MoA in algae (chlorobenzene, next chapter). To 
summarize the insights gained through multi-omics time-profiling of the C. reinhardtii 
molecular stress response to NF, a time-resolved hypothetical schematic of NF’s 
acute chemical MoA was constructed using only the novel generated data (Fig. 51). 
The schematic juxtaposes the changes of measured molecular effect categories over 
time, and is anchored to both the start of exposure and the narrow time-window during 
which of adverse outcome occurs. Previously, different (multi-)omics approaches were 
applied to gain insights into molecular toxic effects in algae, and first valuable insights 
into C. reinhardtii proteomic and transcriptomic changes and global molecular effects 
were achieved [246,247,424,524,525]. Further, the importance of introducing time as 
a variable to study perturbation processes, and discerning reversible adaptive from 
irreversible adverse effects, was stressed [426]. However as argued in Chapters 2 and 
3, the majority of existing work still features the application of single time-point 
experimental designs ([246,253,256,258–260,424] or only relatively short time-course 
[426], using non-synchronized cultures [231,243,257,263,426] and/or sampling times 
indiscriminate of explicit biological anchoring to adverse outcome 

[251,254,255,261,262,425,427]. Overall, cause-effect relationships can be assumed 
to be conceptually difficult to deduce in such manner [352–354,388,389,394,395,400]. 
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 Here, the transcriptome and metabolome of C. reinhardtii were for the first time 
profiled over a wider time-course at higher temporal resolution (9 sampling time-
points), with explicit application of synchronized cell cultures and anchoring of the 
experimental time-frame to the cell cycle as well as to the terminal time window during 
which adverse outcome occurs, with the aim of hypothesizing on a time-resolved acute 
chemical MoA. The tailored experimental design allowed hypothesis of time-resolved 
interrelation of molecular perturbations caused by the herbicide NF, proposing 
hypothetical cause-effect chains specific to subcellular locations and spanning from 
the initial exposure to the ultimate induction of cellular apoptosis. Due to the choice of 
NF as model toxicant, the analytical approach could be ‘calibrated’ by comparison of 

Figure 51. Time-resolved chemical MoA hypothesis of norflurazon toxicity in C. reinhardtii. The 
intensity of molecular effects (marked by increasing or decreasing width of the bars) and 
direction of change (marked by color of bars) is represented over the sampling time-course. The 
molecular effects here are anchored to both the 12h: 12h light:dark cycle (at the beginning of 
the 12h light period and transition into the 12h dark period) and the window of adverse outcome 
occurrence (inhibition of algal cell division and decrease of population growth rate), with cellular 
and nuclear division occurring slightly before, during and after the light:dark transition. 
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generated omics data to a known set of expected molecular results, to a) show 
applicability of the experimental design and omics to reliably re-discover known effects 
of chemicals on C. reinhardtii, and b) allow discovery of novel insights into unknown 
perturbations of NF, here including effects on calcium signalling, flagellar 
activity/regeneration and induction of programmed cell death. Specifically, the 
application of PGSEA [508,517] and maSigPro [510,511] allowed unsupervised, 
statistically powerful and biologically meaningful identification of changes on the 
transcriptome, and their evolution over time in relation to cell cycle. For metabolomics 
and lipidomics data, difficulties during initial instrumental sample acquisition and 
limited success of unique putative spectral peak annotations restricted meaningful 

analysis to datasets. However, supporting orthogonal information was gained. 

 To emphasize utility of the presented experimental design and the overall multi-
omics approach towards potential future application in uncovering molecular toxicity 
within the scope of informing AOPs or IATA, a draft AOP for “Phytoene desaturase 
inhibition leading to algal growth inhibition” (Fig. 52) was constructed by listing 
proposed successive points of C. reinhardtii systemic failures to compensate for NF 
exposure effects [603]. Key events were hypothesized as to their qualitative necessity 
in a cause-effect chain to induce the adjacent downstream event as indicated by 
retrievable existing information and supported by novel omics insights. Fundamentally, 
the attribution of “necessary” and “sufficient” as characteristics of key events may only 
be assigned once the weight of evidence for key events is strong [175,604,605], 
however the nature of AOPs as living and often incomplete frameworks collating 
toxicological knowledge permits their initial drafting and suggestion of putative key 

events for future downstream evaluation and application towards regulatory purposes 
[117].  



 
- 146 - 

Figure 52. A potential AOP draft for “Phytoene desaturase inhibition leading to algal growth inhibition”, along with an indication of whether 
the new phenotypically-anchored omics data juxtaposed to literature support and/or Weight of Evidence (WoE; a conceptual framework to 
rate confidence in data and specifically key events, including strength of “Evidence”, and “Quantitative understanding” of key events and key 
event relationships [175,603,604]) have contributed to the derivation of that knowledge. PDS = Phytoene desaturase. 
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  Ultimately, the tangible benefit of high-content technologies such as omics in 
the context of chemical MoA hypothesis is the possibility of discovering putative key 
events that are a) predictive of adverse outcome, b) specific to chemical MoA, c) 
candidates for inclusion in assay panels to screen for MoA (or even the MIE that 
triggers the AOPs) towards application in early tiers of chemical safety assessment 
[57,146]. Unsupervised analysis requires few to no prior knowledge of toxicant effects, 
and might permit more objective interrogation of generated datasets for putative 
biomarker identification. maSigPro and metaboClust software for instance were able 
to perform unsupervised identification of clusters of spectral peaks or genes that have 
expression levels or peak intensities, respectively, that behave similarly over time-

course in exposed cultures, but was significantly different from non-exposed samples. 
As in the case for metaboClust, increase over exposure concentration could be used 
as an additional feature selection criterion. Such criteria can be valuable filtering steps 
to suggest individual markers putatively specific to chemical MoA pending targeted 
experimental characterization and counter-factual evaluation (for instance comprising 
investigations into specificity to single toxicant, specificity to class of toxicants, and 
specificity to overall chemical MoA) to yield clearer assessment of reproducibility and 
robustness of discovered biomarkers, quantitative understanding of their 
interrelationships, and specificity of these putative biomarkers to acute chemical MoA 
[109,166,167,606]. For metabolomics and lipidomics data, clusters of spectral peaks 
with similar time-profiles identified by metaboClust software could not be satisfactorily 
annotated and showed no significant metabolic pathway enrichments, however such 
spectral peaks lacking putative annotation could serve as valuable biomarkers if 
deemed predictive of adverse outcome, pending future characterization and 
annotation using follow-up targeted analytical methods such as LC-MS/MS. 
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4. Conclusion 

 In conclusion, the tailored experimental design (see Chapter 2) applied to a 
model toxicant norflurazon, and using the developed algal exposure system (see 
Chapter 3), led to time-resolved multi-omics profiling of the molecular stress response 
of C. reinhardtii to herbicide exposure. This further validated the utility of the developed 
exposure algal exposure system through its first application to a large-scale 
experimental investigation. The conducted time-course multi-omics study is to date 
the largest of its type compared the existing literature, factoring multiple 
concentrations and biological replication over an extensive sampling time-profile. 
Despite analytical and statistical limitations due to loss of sample size during sample 
acquisition, supervised analysis of multi-omics data collected in the demonstrated 
approach gave major time-resolved molecular insights into NF toxicity in C. reinhardtii, 
confirming and extending known effects of NFs molecular effects on algae. An acute 
chemical MoA for NF toxicity and a draft AOP for “Phytoene desaturase inhibition 

leading to algal growth inhibition” could be hypothesized, thereby achieving part 1 of 
the dual approach towards Scientific Objective III. In this context, the conceptual 
validity and value of the applied approach was discussed for possible utility of omics 
for supporting early tiers of future chemical safety assessment.  
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Chapter 5 
 

Time-resolved multi-omics 
profiling of the Chlamydomonas 

reinhardtii stress response to 
chlorobenzene drives chemical 

MoA hypothesis 
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1. Introduction 

 As discussed in earlier chapters, omics technologies are argued to have matured 
to provide greater certainty about the causal relationships between chemical exposure 
and adverse effects to biological systems. By profiling biological stress signatures, 
information is provided that should be valuable for regulatory applications in the 
protection of environmental health. One way of emphasizing this utility is through the 
provision of proof-of-concept studies that showcase omics-driven hypotheses of acute 
chemical Modes of Action (MoA) thus increasing confidence in omics-based data for 
discovering mechanisms of molecular toxicity with value to chemical risk assessment 
[70,124,127,146].  

 Previously in this thesis, chapters 2 and 3 described an integrated experimental 
approach (experimental design, exposure system) at obtaining a time-resolved multi-
omics profile of the Chlamydomonas reinhardtii molecular stress response to 
toxicants. Chapter 4 applied and validated such an approach to the model toxicant 
Norflurazon – a herbicide with moderate- to well-established understanding of 
molecular effects of toxicity. This was to ‘calibrate’ the applied data analysis approach 
to re-discover known and expected molecular effects by omics. Chlorobenzene (CB) 
is a highly lipophilic and volatile compound, and part of the chemical class refered to 
as base-line toxicants. Baseline toxicity is a poorly-understood effect in non-
vertebrates, specifically concerning interactions at the molecular level 
[128,146,343,607]. An estimated 60% of all industrial chemicals are believed to belong 
to this chemical class, indicating the importance of understanding its potential adverse 
effects on environmental organisms [343].  

Therefore, the research that is described in this chapter aims to apply the 
experimental design and exposure approach developed within this thesis, to perform 
an hypothesis-free investigation of the acute chemical MoA of CB (and baseline 
toxicity in the broader sense) in algae to underscore the discovery potential of omics 
data for toxicology and their future applications by regulatory bodies. 
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2. Materials and Methods 

 

2.1. Algae culturing  

 Chlamydomonas reinhardtii cultures were incubated in liquid CGM under a 
12h:12h light:dark cycle as described in Chapter 2.  

 

2.2. Multi-omics time-course exposure experiment 

 The chlorobenzene multi-omics profiling exposure experiment was prepared and 
conducted equivalently to the norflurazon experiment as described in Chapter 4. In 
brief, algae were exposed to CB dissolved in CGM and seeded in 72 vials per 
exposure concentration plus 4 additional vials per exposure level for measuring of cell 
density post division, within 30min of onset of light phase. Phenotypic anchoring of 
molecular effects to the adverse outcome of algal growth inhibition within the 
boundaries of the experimental design (Chapter 2) was achieved by designating 
exposure concentrations of CB to two midrange concentrations (“Low” at 14mg/L for 
~EC20; “High” at 24mg/L for ~EC40) from initially conducted concentration-response 
experiments (see Chapter 3).  

 

2.3. Multi-omics sampling procedure and instrumental analysis 

 Sampling, washing and quenching procedures of cell pellets towards 

downstream Illumina RNA-Seq transcriptomics, and DIMS lipidomics and 
metabolomics analysis were conducted as described in Chapters 2 and 4, for 8 sample 
vials per concentration (n = 4 for transcriptomics) per sampling time-point, for a total 
of 9 time-points. Additionally at each time-point, 100µL of cell suspension was 
collected and stored in the dark at 4 °C for analytical measurements to confirm medium 
CB concentrations levels using gas-chromatography mass-spectrometry as described 
in Chapter 3. 
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2.4. Metabolomics, lipidomics and transcriptomics processing and data 
analysis 

 Acquired DIMS and Illumina HiSeq4000 raw data processing, putative spectral 
peak annotation, C. reinhardtii genome mapping of transcripts, outlier removal, 

normalization procedures, time-profile clustering, and statistical- and enrichment 
analyses were performed as described in Chapters 2 and 4. No spectral peaks of 
chlorobenzene were subtracted from DIMS datasets due to its high volatility and 
assumed loss during Speedvac solvent evaporation. Analysis reports of metaboClust 
and maSigPro time-profile clustering can be found in Suppl. Tables SI-T16/-17 and 
Suppl. Figs. SI-50/-51/-52. 
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3. Results and Discussion 

 

3.1. Quality assurance of omics data acquired from time-course exposure 
experiment 

 Subsequent to multi-omics instrumental analysis of samples of C. reinhardtii 
exposed to CB over the time-course, quality of the gained data was assessed for the 
individual omics platforms. As for norflurazon data, low-quality samples and -variables 
and outliers from the 95%-confidence interval were excluded from the dataset. 

 

3.1.1. Quality assurance – Mass spectrometry data 

 During DIMS acquisition of non-polar extracts from algae (lipidomics), persistent 
loss of spray stability in the nESI component led to highly inconsistent mass spectra 
and generation of missing values for most samples from the first analytical batch (Fig. 
53). For the subsequent analytical batches, capillary voltage of the nESI source was 
increased from 1.5kV to 2kV to achieve stable spray and Triversa chip current. 
Variation of capillary voltage however induces significant alterations in total number 
and intensity of measurable spectral peaks [608], thus to enable comparability and 
filter out data with high percentages of missing values, samples from analytical batch 
1 had to be omitted from the dataset prior to further processing steps and analysis. As 
a result, certain individual lipidomics sample groups displayed substantially reduced 

sample size. TP1 “Low” exposure group contained only a single replicate and was 
merged with TP1 “High” group replicates into a generic “Treatment” group to increase 
statistical power (Suppl. Fig. SI-49). TP5 “Low”, “Control” and TP7 “High” groups only 
contained a sample size of each n=3, and TP9 “Low” contained no single replicate 
and had to be removed from analysis. After all data processing steps and outlier 
removal were completed, the following numbers of samples could be retained in the 
dataset: Lipidomics assay = 113 of 216 samples (43% retained), metabolomics 
negative ion mode assay = 193 of 216 (89% retained), and 197 of 216 (91% retained) 
in the positive metabolomics assay. Overall, RSD distributions (see Chapter 3; 
[276,465]) as a measure of technical instrument variance using QC samples 
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suggested high-quality data in all three DIMS assays (Fig. 54), with mRSD values in 
approximately the expected magnitute of 11% (positive ion metabolomics), 14.7% 
(lipidomics) and 13.6% (negative ion metabolomics). 

 

 Data were categorized into time-points, significantly different spectral peaks 
(Welch’s t-test, FDR ≤ 0.05) were determined between exposure groups (High-vs-
Control, Low-vs-Control) per time point, and putative peak annotation was attempted 
using ChlamyCyc spectral database and MI-Pack [187,498] with ppm error tolerance 
< 5. Significantly different spectral peaks were uniquely and putatively annotated 
(Suppl. Tables SI-T5, SI-T6, SI-T7) with moderate success rate: between 0-37.5% for 

Figure 53. DIMS lipidomics sample acquisition over randomised sample sequence and 
effects of instable nESI spray in analytical batch 1, compared with higher data quality after 
increased nESI capillary voltage in batches 2 and 3. The top panel describes the m/z-
distance of each individual mass spectral peak to its assigned peak cluster centroid during 
global dataset peak alignment at a 2ppm tolerance window. Strong loss of peak-cluster 
assignments is visible here in the first analytical batch (specifically higher m/z features), 
reinforced by a consistent reduction in the number of measurable spectral peaks (middle 
panel) and increased generation of missing values post peak alignment over the dataset 
(bottom panel). 
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lipidomics datasets, 0-8.6% for the positive ion metabolomics assay, and 0-8.4% for 
the negative ion metabolomics assays. 

 

3.1.2. Quality assurance – Transcriptomics data 

 Data acquisition and raw data processing of norflurazon and chlorobenzene 
samples were conducted as a single analytical batch, which is described in detail in 
Chapter 4. A subset of samples exhibited reduced extraction yields (Suppl. Fig. SI-10). 
Subsequent library preparation was ultimately unsuccessful for a total 29 samples. 
Thus, only 79 out of 108 samples (73%) could be successfully sequenced for the CB 
time-course experiment. For the total dataset, quality metrics suggested high quality 
of collected transcriptomics data. Phred scores above 35 (likelihood of correct base 
call = 99.97%) were measured for all samples (Fig. 29). The ultimate sample size of 

certain sample groups was decreased, with loss of “Low” and “High” exposure groups 

Figure 54. Violin-plot of RSD distribution and Quality Control sample (QC) RSD metrics per DIMS 
assay (Lipidomics, positive and negative ion mode metabolomics). QC mRSD were at or below 
14.7% for all assays. RSD distributions for sample batches 1/2/3 are drastically higher as these 
groups contain diverse samples from all exposure groups and time-points randomised over run 
sequence. Each violin plot shows the value range (vertical lines), density of values (width of plot), 
and the 25th, 50th and 75th percentile of values (horizontal lines). Due to data loss and discarding 
during instrumental acquisition, batch 1 in the lipidomics dataset is missing.  
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for TP1. TP2-, TP5-, TP9 “High”- and TP4 “Low” groups displayed n=2, and TP5 
“Control” group a sample size of n=1. 

 

3.2. Confirmation of exposure concentration and adverse outcome induction 

 Successful induction of an adverse outcome (growth rate inhibition) and the 
accuracy at achieving the desired nominal medium concentrations of CB in cell 
suspensions were measured to increase confidence in the experimental results and 
achieve phenotypic anchoring. Measured medium concentrations of CB using GC-MS 
(Fig. 55A) were approximately 20% below the expected range of the nominal exposure 
concentrations (median 11.19mg/L measured for “Low” group at nominal 14mg/L; 
median 19.02mg/L measured for “High” group at nominal 24mg/L). The measured 

induction of growth rate inhibition (Fig. 55B) of both exposure concentrations was 
equally lower than expected (~EC5-EC12.5 for “Low”, ~EC15-EC20 for “High”), in line 
with GC-MS results. A clear concentration-response increase of AO-induction caused 
by CB was however still appreciable despite the reduced exposure concentrations, 
enabling successful downstream anchoring of adverse molecular effects to phenotype 

Figure 55. (A) Boxplots of exposure concentrations per group over time-course, measured by 
GC-MS, and (B) boxplots of growth rate inhibition measured via CASY cell counting at 24h, 
post induction of the adverse outcome. Marked in (A) is the limit of detection (LOD) for the 
applied GC-MS method. 
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[108,165,352–355]. The strong decrease in CB medium concentrations was likely due 
to substantial loss of the highly volatile CB during chemical solvation in medium and 
serial dilutions in exposure stock preparation, not only during experimental setup but 
also during CB calibrant preparations for GC-MS analysis [455,609]. To a lesser 
degree, biological culture drift might have led to results diverging from those of 
previous concentration-response assays in Chapter 3 [486,487,489,490]. Such strong 
loss of exposure concentrations will need to be factored into future chemical stock 
preparation steps during experimental setup. Although not ideal, here the presence of 
induced adverse outcome of growth inhibition as measured via cell counting still 
indicated that the experimental results are valid and thus enabled linking of molecular 

measurements to observed adverse apical phenotype. 
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3.3. Global effects of chlorobenzene on Chlamydomonas reinhardtii biology 

 As for the previous norflurazon experiment, scrutiny of the complete datasets 
generated by the various omics platforms using PCA (Fig. 56) revealed that the 
developmental trajectory over experimental time-course represented the greatest 

variance within the CB dataset [193,390,515]. However, PCA of the collapsed 

Figure 56. PCA of complete dataset (time-point “TP” 1-9, “C” = Control, “L” = Low, “H” = High), 
for (A) transcriptomics, (B) lipidomics, (C) metabolomics positive ion mode, (D) metabolomics 
negative ion mode. Colored regions indicate the 95%-confidence intervals. Scaling differences 
between Illumina and DIMS data stem from different data processing pipelines and are not 
indicative of quantity of molecular effects.  

A 

D C 

B 
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datasets (omission of time variable) revealed no immediately appreciable molecular 
effects on any the first 6 principal components for lipidomics or metabolomics datasets, 
as opposed to the NF experiment. This was likely due to the substantially lower 
numbers of significantly different spectral peaks between exposure groups (Fig. 57), 
indicating either more subtle acute chemical MoA for CB in general, lower molecular 
stress response due to the decreased actual CB exposure concentrations and adverse 
outcome induction over the algae population, or both. However, principal component 
4 of the transcriptomics data indicated a subtle but consistent effect over the collapsed 
dataset, incorporating 3.38% of variability of the collapsed dataset (Suppl. Fig. SI-53).  

 The effects of CB on the transcriptome were overall strong and increasing over 
concentration (Fig. 57), with >100 differentially expressed genes (DEG) at TP3 to TP7 
and >1000 DEG at TP2, -8 and -9 for the Low-vs-Control comparison group, and 
consistently above 1000 DEG at TP2 to TP9 for the High-vs-Control comparison (No 
comparison at TP1 possible due to high loss of samples). For mass spectral data of 

Figure 57. Significantly different variables between exposure groups (Top = Low vs 
Control, Bottom = High vs Control), as represented by differentially expressed genes for 
RNA data (FDR ≤ 0.05, log2-fold change ≥ 2) and as spectral peaks significant between 
groups (t-test, FDR ≤ 0.05). 
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the Low-vs-Control comparison, significantly different features were below 10 in 
number or absent for the lipidomics and metabolomics data over complete time-
course, with the exception of a spike at TP6 for lipidomics data >100 features, and for 
the positive metabolomics data at TP3, -8 and -9 (tens to low hundreds of features). 
In the High-vs-Control comparison, the lipidomics data showed similarly small 
numbers of significant features (below 10 or none) over time-course, with spikes into 
the low tens and hundreds at TP3 and -6. The positive and negative metabolomics 
data showed increased number of significant features, in the low tens at TP1 to TP4 
and hundreds to thousands at TP5 to TP9. Here, the overall low number in significantly 
different lipid spectral peaks was most likely caused by low statistical power in 

statistical tests due to omission of analytical batch 1 from analysis (Fig. 53). In PCA, 
separate exposure classes were obtained at TP3, -6, -8, and -9 in the lipidomics data 
(Suppl. Fig. SI-54), whereas in negative ion metabolomics data, exposure classes 
tended to aggregate over the complete time-course with few significant changes in the 
ANOVA of PC scores (Suppl. Fig. SI-54). In positive ion metabolomics and 
transcriptomics data, exposure classes separated more clearly in PCA at TP3 and 

Figure 58. Venn diagrams of 
significantly different spectral peaks in 
(A) lipidomics data, (B) positive 
metabolomics data, and of differentially 
expressed genes in (C) transcriptomics 
data. Negative metabolomics data 
showed no significantly different 
spectral peaks of the Low vs. Control 
comparison over the collapsed dataset. 
Comparisons of “High”-concentration to 
“Control” (“High/Ctrl”) and of “Low”-
concentration to “Control” (“Low/Ctrl”) 
are shown, intersections of circles show 
numbers of the differences that could 
be found within both comparisons. 
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TP2, respectively, with significantly different PC score distributions at almost all time-
points. However, loss of TP1 transcriptomics “Low” and “High” samples obscured 
insight into earlier gene expression changes. 

 Venn diagrams of the collapsed datasets suggest large overlay of significantly 

different spectral peaks and DEG within all omics datasets for effects related to “Low”- 
and “High” exposure in reference to “Control” (Fig. 58), with the exception of negative 
ion mode metabolomics where the Low-vs-Control comparison generated no 
significant differences. Zero, 3 and 1 unique significant changes for Low-vs-Control 
comparisons could be pinpointed in lipidomics, positive ion metabolomics and 
transcriptomics data, respectively (no significant changes in negative ion 
metabolomics data), with the overwhelming majority of “Low”-induced changes also 
found in the High-vs-Control comparison. This observation, along with the increase of 
significantly different spectral peaks and DEG in the High-vs-Control comparison, 
suggested similarity of effects between the two exposure levels indicating 
concentration-response behavior of at least a subset of molecular perturbations [610]. 
Similar to NF, however, a more diverse biological stress response was mediated by 
the higher CB exposure level.  

 To achieve initial interpretations of the results, Joint Genome Institute gene 
ontology (JGI-GO) enrichments were determined for functionally annotated DEG 
within the collapsed dataset (Suppl. Fig. SI-55), indicating upregulation of redox 
processes and glucose metabolism in the High-vs-Control group comparison. Low-vs-
Control comparison DEG did not significantly enrich any GO, likely due to 
overshadowing of the statistical significance of the more subtle Low-vs-Control DEG 
(low concentration effects) by large-magnitude developmental changes in the 
collapsed dataset, as argued earlier for norflurazon data. PGSEA yielded a more 
detailed picture on global effects of exposure (Fig. 59) identifying significant 
perturbation of multiple large clusters of JGI-GOs, including processes involving 
cellular motility, sugar- and energy metabolism, membrane- and vesicle docking 
processes, peroxisomal activity, membrane potential regulation, ion homeostasis and 
-transport processes. Metabolite set enrichment analysis of the collapsed lipidomics 
and metabolomics datasets on Arabidopsis metabolic pathways revealed only 
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marginally meaningful information, indicating upregulation of KEGG pathway 
“Porphyrin and chlorophyll metabolism” (FDR = 2.1 x 10-3) in the High-vs-Control 
comparison, whereas significant spectral peaks in the Low-vs-Control comparison 
showed no significant enrichments. Overall, when omitting time as independent 
variable from the dataset, the determined significant alterations caused by CB-
exposure did enrich gene sets and metabolic pathways associated with algal energy 
metabolism and processes involved with membrane functionality. Exposure of non-
synchronized C. reinhardtii to butanol, a nonpolar baseline toxicant previously utilized 
in optimizing biofuel production in algae, similarly indicated non-specific perturbation 
of energy metabolism and photosynthesis, but also of intracellular trafficking and 

membrane transporters, amongst others [263,611]. Together, these initial analyses 
supplied a first empirically-based insight into molecular effects associated with CB 

Figure 59. JGI-GO enrichments of CB-induced changes in the collapsed transcriptomics dataset, 
identified by parametric gene set enrichment analysis (PGSEA). Gene ontologies are presented 
and ranked along their FDR. PGSEA allowed first insight into exposure effects even when 
collapsing the time variable, and indicated monotonous changes from “Control” over “Low” and 
“High” exposures in most GO categories. Time-points plotted from TP1-9 per group left to right. 
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toxicity to C. reinhardtii, while indicating potential value of described molecular effects 
as putatively diagnostic of baseline toxicity [612,613]. For a more meaningful 
exploration of biological and toxicological information, exposure time in synchronized 
cultures was reintroduced into the dataset as independent variable [388]. Individual 
sampling time-points were analyzed independently regarding gene-/metabolite set 
enrichment and DEGs, and genes and spectral peaks were clustered along similarity 
in time-course profiles. 

 

3.4. Time-course analysis of chlorobenzene toxicity on algae 

 Time-points and time-profiles were analyzed individually regarding significantly 

different gene expression and metabolite levels and gene ontology or metabolic 
pathway enrichments. As for the NF data, clusters of spectral peaks with similar time-
profiles identified by metaboClust software could not be satisfactorily annotated and 
showed no significant metabolic pathway enrichments (Suppl. Table SI-T16, Suppl. 
Figs. SI-51/-52/-53). 

 

3.4.1. Reduced algal motility and flagellar regeneration as generic marker of 
aquatic pollution 

 The maSigPro package time-profile clustering identified two clusters, “Cluster08” 
and “Cluster09”, containing genes enriching JGI-GO categories comprising flagellar 
activity and synthesis of flagellar structural components (significant downregulation at 
all time-points, Fig. 60). Similar categories were found enriched within the top-30 gene 
sets of PGSEA applied to the collapsed transcriptomics dataset as well as at individual 
time-points TP2, -4, -6, -7, -8 and -9 (Suppl. Table SI-T19). Subtle reduction of flagellar 
activity and regeneration was previously observed after exposure of C. reinhardtii or 
other motile algae to various toxicants, including cyanobacterial toxins, ethanol, 
various metals [246,247,263,520–526] or the herbicide NF, the context of which was 
more extensively discussed in Chapter 4. Steady-state loss and regeneration of 
flagella proteins is a constitutive process in healthy C. reinhardtii [192,527–529]. Due 
to the repeated observation of reduction of flagellar activity and regeneration after 
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exposure to various inorganic and organic toxicants with discrete chemical MoA, a 
hypothesized redirection of bioenergetic flux from cellular motility towards regulatory 
and compensatory metabolic adaptation to toxicant stress is proposed here for motile 
algae [614,615]. Reduced expression of gene clusters enriching GOs of cellular 
motility and flagellar growth/-regeneration could serve as a viable and generic 

Figure 60. Time-profile plots of maSigPro gene clusters (A) “Cluster08”, (B) “Cluster09” 
along significant differences of expression at each time-point (ANOVA), and (C) hierarchical 
enrichment tree of JGI-GO enrichments of genes pooled from both clusters. FDR of JGI-
GO enrichments are displayed next to JGI-GO labels. Size of the nodes indicates degree 
of significance, the distance of the clusters connected by the branches of the dendogram is 
relative to the ontological similarity of gene sets. Significant changes in gene expression 
(ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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biomarker on the molecular level for toxicity screening or biomonitoring of aquatic 
pollution, an approach unfeasible on the physiological level due to high variance [522].  

 

3.4.2. CB perturbs membrane-bound homeostatic processes 

 Regulation of membrane ion transport processes is a lynchpin of sustaining 
crucial biological processes including photosynthesis, respiratory electron-transport 
chain, osmoregulation, or protein- and lipid trafficking [192,616–619]. Analysis of the 
collapsed transcriptomics dataset revealed enrichment of various JGI-GOs indicating 
up-regulation of “Membrane docking”, “Vesicle fusion” and “Exocytotic process” as 
found within the top-30 gene sets of PGSEA, along down-regulation of “Regulation of 

membrane potential” and JGI-GOs comprising potassium-, sodium- and calcium 
transmembrane transport and -homeostasis (Fig. 59). Over the exposure time-course, 
more subtle nuances of these effects could be identified. TP1 and TP5 did not contain 
replicates in either exposure group, however PGSEA on TP2 samples uncovered up-
regulation of JGI-GOs “Monovalent inorganic cation homeostasis”, “Regulation of 
intracellular pH”, “Vesicle-docking involved in exocytosis”, “Exocytic process” or 
“Regulation of cellular component size” in “High", but lack of substantial up-regulation 
of these GOs in “Low”, suggesting a discrete and concentration-dependent molecular 
response to CB (Suppl. Table SI-T19). PGSEA on TP3 samples showed associated 
up-regulation of JGI-GOs including “Membrane docking”, “Vesicle docking” and 
“Retrograde endosome-to-Golgi transport”, and DEG in both “Low” and “High" groups 
enriched JGI-GOs for down-regulation of various ion transmembrane transport 
processes (Suppl. Table SI-T18). Down-regulation of “Potassium ion transmembrane 
transport” processes was similarly identified at TP4 by PGSEA, whereas TP6 and TP7 
exhibited down-regulation of enriched JGI-GOs “Sodium ion transport”, “Potassium 
ion transmembrane transport” or “Calcium ion homeostasis” and “Divalent inorganic 
cation homeostasis”, reinforced by TP7 High-vs-Control DEG enriching down-
regulation of “Ion transport” and “Metal ion transport”. Further, up-regulation of JGI-
GOs “Vesicle docking”, “Membrane docking”, and “Organelle localization by 
membrane tethering” were indicated by PGSEA at TP7. At TP8, a similar pattern 

emerged, with observed down-regulation of various JGI-GOs involving sodium-, 
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potassium transport, and “Regulation of membrane potential” in the top-30-ranked 
PGSEA gene sets and enriched by DEG of “Low" group.  

 Despite increased variance of intra-group gene expression distributions as a 
result of strong losses of sample size in some exposure groups, the here observed 

perturbation of osmotic homeostasis and intracellular pH regulation, along various 
sodium-, potassium-, calcium- and associated proton antiporter activity points towards 
an acute chemical MoA of CB involving interactions with lipid membranes and their 
components regulating ion permeability consistent over the majority of exposure 
duration [619–621]. The set of genes enriching JGI-GOs involving membrane docking-
, vesicle fusion- and exocytotic processes in the collapsed dataset and at individual 
time-points further enriched the KEGG pathway “SNARE interactions in vesicular 
transport” (FDR = 2.57 x 10-24). SNARE (soluble N-ethylmaleimide-sensitive-factor 
attachment protein receptor) proteins are involved in lipid homeostasis and 
biogenesis, vesicle-target membrane fusion and the associated trafficking of lipids and 
proteins [622–624]. Expression of genes enriching the JGI-GOs “Polyol metabolic 
process” and “Protein N-linked glycolization” in PGSEA at TP2 were found significantly 
upregulated specifically at the “High” exposure level at multiple time-points (Suppl. Fig. 
SI-61) and enriched KEGG pathways “N-glycan biosynthesis” (FDR = 1.16 x 10-10), 
“Inositol phosphate metabolism” (FDR = 1.73 x 10-7) and “Phosphatidylinositol 

Figure 61. Time-course plot, median of genes per replicate and median of medians with 
connection line. Showing expression of genes within the JGI-GOs 'Polyol metabolic process' 
and ‘Protein N-linked glycolization’ (as identified by PGSEA at TP2), using the CB 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * 
(FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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signalling system” (FDR = 1.7 x 10-4). N-glycans represent major structural 
components of the C. reinhardtii cell wall, with their biogenesis, vesicular transport and 
-exocytosis driven by the endoplasmatic reticulum (ER)-Golgi system [625,626], 
whereas the inositol phosphate/ phosphatidylinositol signaling system is a key 
regulator of ER-Golgi-membrane vesicle trafficking, membrane internalization, lipid 
homeostasis and damaged membrane lipid breakdown in plants and algae, and 
regulates responses to disturbed ion homeostasis and osmotic potentials across 
membranes [627–629].  

 Together, a stimulation of ER-Golgi-driven transport vesicle membrane-targeting, 
exocytosis of newly-synthesized lipid and protein, and recycling and internalization of 
damaged membrane components might be inferred here from data [618,624,630,631]. 
The observed perturbation of ion transmembrane transport processes, osmotic 
potential regulation, intracellular pH regulation, and stimulation of vesicular trafficking 
suggested that molecular effects induced by exposure of C. reinhardtii to CB 
manifested themselves by interactions with lipid membranes and their components, 
comparatively similar to those induced by ionic or osmotic stress [621,630,632–634]. 

 
 

3.4.3. Induced alterations to energy metabolism, lipid metabolism and 
photosynthetic machinery  

 Substantial perturbation of membrane-bound homeostatic processes necessarily 
results in alteration of metabolic energy equilibria [635]. maSigPro time-profile 
clustering identified 2 gene clusters “Cluster01” and “Cluster03” enriching various 
bioenergetic KEGG pathways (Suppl. Figs. SI-56 and SI-57, Suppl. Table SI-T20). 

Here, stimulation of glycolysis, pentose-phosphate pathway, fatty acid synthesis and 
carbon fixation at TP2, -4, -6, -8 (and apparent down-regulation at TP9) was observed 
in “Cluster01” for CB-exposed algae. Genes enriching KEGG pathway “Fatty acid 
synthesis” (Suppl. Fig. SI-58) comprised enzymes catalyzing biogenesis of various 
fatty acids, triacylglycerols but also enzymes involved in chloroplast- or ER-localized 
membrane glycerolipid and glyercophospholipid metabolism [636], in line with 
hypothesized CB-induced membrane damage. Increased lipid synthesis, carbon 
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fixation and sugar metabolic pathways were previously observed as compensatory 
reactions to ionic or osmotic stress in algae and plants [629,637]. 

 Enrichment analysis of maSigPro time-profile “Cluster03” further indicated up-
regulation of citric acid cycle and propanoate metabolism (both however marginally 

non-significant at FDR = 0.07) in specifically the “High” exposure group at all sampling 
time-points except TP6; in the “Low” exposure group, up-regulation was observed at 
TP2, -3, -7, -8, and -9 and down-regulation at TP4 (Suppl. Fig. SI-57), signaling 
concentration-dependent and potentially low-dose adaptive processes [638]. 
“Cluster03” genes that enriched above KEGG pathways comprised almost exclusively 
enzymes catalyzing malonyl-CoA to acetyl-CoA-, and succinate to succinyl-CoA 
interconversion steps. An associated trend for up-regulation of multiple acetyl-CoA 
synthetases was further identified within the top-30 FDR-ranked gene sets in PGSEA 
at TP3, -4, -6 (contained within gene set enriching JGI-GO “Thioester metabolism”; 
Suppl. Table SI-T19). Up-regulation of acetyl-CoA synthetases was previously 
specifically observed in C. reinhardtii after perturbation of ion and osmotic 
homeostasis [621]. Based on lack of up-regulation of further enzymes catalyzing 
generation of energy precursors from acetyl-CoA in KEGG pathway “Citrate cycle”, 
this enzyme induction might reflect increased generation of substrates for above-
observed lipid biogenesis [639,640]. 

 maSigPro time-profile “Cluster01” further enriched KEGG pathways (Suppl. Fig. 
56, Suppl. Table SI-T20) indicating induced stimulation of “Porphyrin- and chlorophyll 
metabolism”, “Terpenoid backbone synthesis”, and “Ubiquinone and other terpenoid-
quinone biosynthesis” at TP2, -4, -6, -8 (and down-regulation at TP9), while DIMS data 
metabolic pathway overrepresentation analysis suggested here stimulation of 
“Porphyrin and chlorophyll metabolism” in Low-vs-Control comparison at TP2 (FDR = 
0.04). Additionally, enrichments of genes contained in maSigPro time-profile 
“Cluster02” and “Cluster07” suggested upregulation of gene expression for various 
components of the photosynthetic machinery (Fig. 62, Suppl. Table SI-T21).  
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 Increases in carbon fixation, photosynthetic activity and photosynthetic pigment 
synthesis are generic stress markers in microalgae and plants, but were previously 
specifically observed as result of ionic and osmotic stress [630,637], specifically as a 
result of damage to antenna proteins, photosystem (PS)-I, -II and photosynthetic 
electron-transport chain (ETC) subunits [621]. Here, up-regulation of gene expression 
of 8 out of 12 antenna proteins, the plastocyanin subunit of the ETC, most PS-I and 
some PS-II subunits could be observed. This increase in gene expression was 
significant for maSigPro “Cluster02” genes from TP2 to TP9, with strong increases for 
the “High” exposure group (Fig. 62A). For maSigPro “Cluster07” genes, up-regulation 
was significant from TP2 to TP6 for the “High” group, followed by down-regulation of 

both “Low” and “High” group at TP7 and TP8 (Fig. 62B).  

Figure 62. Time-course plot, median of genes per replicate and median of medians 
with connection line. Showing expression of genes within maSigPro (A) “Cluster02” and 
(B) “Cluster07”, comprising various elements of the photosynthetic machinery (Suppl. 
Table SI-T21). Significant changes in expression (ANOVA) are indicated by * 
(FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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 “Cluster01” genes enriching KEGG pathways “Terpenoid backbone synthesis” 
and “Ubiquinone and other terpenoid-quinone biosynthesis” (Suppl. Table SI-T20) 
particularly indicated induction of enzymes involved in Vitamin-K cycle activity and 
metabolism of phylloquinone and its intermediates, including specifically MenF, MenE, 
MenB, UbiE-MenG or MenA (Suppl. Fig. SI-59). Phylloquinone and its downstream 
metabolites (plastoquinone pool) have been linked to PS ETC functionality [641–645], 
with up-regulation further supporting CB-induced disruption of the membrane-bound 
photosynthetic ETC bioenergetic pathway. 

 Up-regulation JGI-GOs comprising “Response to hydrogen peroxide”, “Reactive 
oxygen species metabolic process”, “Response to reactive oxygen species”, 
“Glutathione metabolic process”, “Sulfur compounds transport” and “Sulfate transport” 
were found in the top-30 FDR-ranked gene sets in PGSEA of TP3 and TP4 and in 
DEG of TP9 “Low” (Suppl. Tables SI-T18 and SI-T19). As a group, these gene clusters 
showed increased gene expression over the complete exposure duration (with 
exception of TP7) for the “High” exposure group, with no significant increases in gene 
expression for the “Low” group (Suppl. Fig. SI-60). The genes enriching these JGI-
GOs further enriched KEGG pathways “Pantothenate and CoA biosynthesis”, 
“Peroxisome”, “Valine, Leucine and Isoleucine synthesis”, “ABC transporters”, “Sulfur 
metabolism” and “Carotenoid biosynthesis” (FDR <0.05). Specifically, chloroplast 
sulfate transporters SULP1, -2 and SBP1, and prokaryotic (mitochondrial and 
chloroplastic) ABC sulfate transporters were flagged up, potentially supporting an 
antioxidant response to possible ROS-generation from PS-ETC and thylakoid 
membrane perturbation. Similar to present observations (enriched by DEG at TP9) , 

JGI-GO “Response to hydrogen peroxide” was previously identified as a result of ionic 
and osmotic stress, measurable almost immediately after exposure and in parallel with 
reduction of PS electron flow [621,630,637]. The KEGG pathway “Peroxisome” was 
enriched almost exclusively with gene expression of enzymes involved with hydrogen 
peroxide metabolism (PTS1-type hydrogen peroxide metabolism, specifically 
enzymes CAT1, SOD, NUDT12). This reactive oxygen species has before been 
associated specifically with photosystem radical production and is regulated by the 
quinone pool, cytochrome-b6f and plastocyanin [646–648]. Both perturbance of the 
plastoquinone pool and plastocyanin as functional units of the photosynthetic ETC 
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were observed here, along with earlier observed disruption of ion homeostasis adding 
further support to an acute chemical MoA of CB targeting the ETC or non-specific 
interactions with membrane-bound processes more broadly.  

 

3.4.4. Amino acid and protein metabolism, autophagic response and 
perturbation of cell cycle progression 

 maSigPro “Cluster04” genes (Suppl. Fig. SI-61) enriched KEGG pathways 
“Ribosome”, Biosynthesis of amino acids”, “ Lysine biosynthesis”, “RNA transport”, 
“Cysteine and methionine metabolism” and “Aminoacyl-tRNA biosynthesis” (Suppl. 
Table SI-T22), with significant down-regulation at TP2, -3, -7 and TP9 and up-
regulation at TP4 for both “Low”- and “High” exposure groups. In line with an assumed 

membrane-bound acute chemical MoA inducing perturbation of ionic and pH 
equilibria, the initially-observed reduction of ribosome biogenesis could be due to 
overall metabolic breakdown of cellular enzymatic machinery [649]. Top-30 FDR-
ranked gene sets in PGSEA at TP2 further contained JGI-GOs “Maturation of 5.8S 
rRNA”, “rRNA modification”, “RNA-polymerase-II preinitiation complex assembly” or 
“rRNA methylation”, which combined further enriched KEGG pathways “RNA 
polymerase” and “Proteasome” (FDR<0.05) with up-regulation of expression at all 
time-points for “High” exposure group and at TP2, -4, -5, -6 and -7 for “Low” exposure 

Figure 63. Time-course plot, median of genes per replicate and median of medians 
with connection line of genes enriching “RNA-polymerase”- and “Proteasome” 
KEGG pathways. Significant changes in expression (ANOVA) are indicated by * 
(FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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group (Fig. 63). Consistent stimulation of RNA transcription and amino acid synthesis 
along proteasomal degradation could once again be construed as a generic response 
to CB toxicity manifesting itself as disruptive of membrane components [637,650], next 
to other possible explanations. 

 Similar to NF toxicity, CB induced an induction of autophagy. However for CB, 
the JGI-GOs “Autophagosome assembly”, “Macroautophagy” and “Autophagy” were 
found upregulated in the top-30 FDR-ranked gene sets in PGSEA at TP3 and down-
regulated at TP6, while time-course plots of the genes suggest significant upregulation 
of autophagic mechanisms at TP8 and TP9 (Suppl. Fig. SI-62) This was here 
interpreted as a result of accumulated damage to membrane lipids and protein along 
peroxide-induced oxidative stress, as before seen for salt-induced ionic and osmotic 
stress in microalgae [630]. Early activation of autophagic pathways at TP3 was likely 
involved with breakdown of internalised vesicles containing recycled membrane 
components. Induction of autophagic mechanisms could arguably serve here as 
another non-specific biomarker for aquatic pollution, similar to inhibition of cellular 
motility. 

 Lastly, maSigPro “Cluster05” and “Cluster06” (Suppl. Figs. SI-64 and SI-64) 

identified differential effects of CB exposure on the algal genome. “Cluster05” genes 
enriched various JGI-GOs comprising cell cycle checkpoint regulation, chromosomal 
organization and cytoskeleton formation (Fig. 64), whereas “Cluster06” genes 
enriched KEGG pathways “Mismatch repair”, “Non-homologous end-joining”, 
“Nucleotide excision repair”, “DNA replication”, “Homologous recombination” and 
“Base excision repair” (Suppl. Table SI-T23). Various DNA repair mechanisms were 
stimulated early at TP2 and TP3 for both exposure groups, potentially indicating an 
early adaptive response to immediate peroxide species damage to the nuclear or 
organellar genomes [649]. These processes were further significantly upregulated at 
TP8 and TP9, with “Low” exposure group gene expression higher than “High”. At this 
stage of C. reinhardtii cell cycle, cells enter the transition from a light to dark 
environment and proceed through cell cycle checkpoints involving sensing of DNA 
damage [193,197]. Higher gene expression of DNA damage repair processes at lower 
exposure concentrations might have indicated here low-level genomic damage in an 



 
- 173 - 

adaptive and hormetic low-concentration zone (actual adverse outcome induction in 
“Low” group was at ~EC5-EC12.5, Fig. 55B), as opposed to the higher exposure 
concentration [638,651]. This is in line with an observed upregulation of RNA 
transcription for genes involved with regulation of cell cycle in “Cluster05” for the “Low” 
exposure group, whereas a down-regulation of such genes was observable for the 
“High” exposure group (Suppl. Fig. SI-63).  

 

  

Figure 64. Hierarchical cluster plot of JGI-GOs enriched by genes of maSigPro 
time-profile “Cluster05”, along their FDR. Size of the nodes indicates degree of 
significance, the distance of the clusters connected by the branches of the 
dendogram is relative to the ontological similarity of gene sets. 
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3.5. Hypothesizing an acute chemical MoA for CB toxicity and constructing draft 
AOP for baseline toxicity 

 In this penultimate chapter, it was endeavored to conduct an omics-driven 
hypothesis of chemical MoA for a toxicant with a poorly understood molecular toxic 

effects in algae, in line with Scientific Objective III. Together with results of Chapter 4 
which served to ‘calibrate’ the data analysis approaches to expected known molecular 
effects of NF toxicity, the overall aim was towards the purpose of giving conceptual 
and empirical support to the notion that a time-course multi-omics profiling of 
synchronized algal cultures may provide supporting evidence or novel insights into 
molecular effects of toxicity. Ultimately, such gained knowledge could be introduced 
into mechanistic frameworks (such as supporting draft AOP construction) in order to 
aid regulatory decision-making or enable early screening and prioritization approaches 
for testing of chemicals in the future [49,145,146,165,169–172]. For instance, panels 
of biomarkers predictive of adverse outcome suggested by omics experiments, along 
knowledge of the MIE, might find utility in future first-tier targeted screening assays for 
MoA classification or even MIE triggering of chemicals, pending downstream 
evaluation of biomarker specificity through follow-up experiments and counter-factual 
evaluation [109,134,146,166–168,606]. Additionally, omics data could find application 
in prioritization of testing by means of “chemical MoA” read-across, using in-silico 
classification methodologies to compare multivariate biological omics signatures of 
toxicant-exposed organisms. 

 Here, multi-omics time-profiling generated various insights into the stress 
response of C. reinhardtii exposed to CB. Gained knowledge on molecular effects from 
the previous sections was summarized in a time-resolved schematic to hypothesize 
on the unknown acute chemical MoA of CB (Fig. 65). The schematic juxtaposes the 
changes of measured molecular effect categories in dependence of time over the 
exposure period and is anchored to both start of exposure and the narrow time-window 
of adverse outcome occurrence. Little is known on the molecular basis of CB toxicity 
or on baseline toxicity in general - specifically to algae. In the invertebrate Daphnia 
magna exposed to a set of baseline toxicants, molecular disruption of calcium 
homeostasis, as similarly observed here for C. reinhardtii, was linked to heart rate 
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decrease [128]. However, wider and more resolved information on mechanism 
remains so far unclear [146], with membranes remaining historically speculated 
targets [343,652]. The baseline toxicant butanol was previously added to growth 
medium of non-synchronized C. reinhardtii cultures to optimize induction of lipids for 
biofuel generation, however not in context of phenotypic anchoring to inhibition of cell 
division or with the aim of elucidating pathways of toxicity [263,611]. Despite this 
disparity, the observed generic effects on energy and lipid metabolism, intracellular 
signaling and ion transporter activity as induced by butanol [263] could be identified 
as perturbed biological processes in this present CB exposure study, pointing towards 
similarity in molecular effects. Additionally, a captivating similarity of CB-induced 

molecular effects was discovered to various downstream effects observed in 
microalgae and plants exposed to ionic and osmotic stress [621,629,630,632–
634,637]. Considering gathered data from the CB time-course exposure experiment, 
time-course profiles of different molecular perturbations could be anchored to adverse 
phenotype of algal growth inhibition. An acute chemical MoA of CB was hypothesized, 

Figure 65. Time-resolved chemical MoA hypothesis of chlorobenzene toxicity in C. reinhardtii. 
The intensity of molecular effects (marked by increasing or decreasing width of the bars) and 
direction of change (marked by color of bars) is represented over the sampling time-course. 
The molecular effects here are anchored to both the 12h: 12h light:dark cycle (at the beginning 
of the 12h light period and transition into the 12h dark period) and the window of adverse 
outcome occurrence (inhibition of algal cell division and decrease of population growth rate), 
with cellular and nuclear division occurring slightly before, during and after the light:dark 
transition. 
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involving non-specific interactions with biological membranes and their components 
including various ion transporters, along a cascade of downstream perturbation of 
membrane-bound biological processes including photosynthetic ETC, intracellular 
signalling systems, osmotic potential and pH regulation, and secondary peroxide 
generation and potential reactive oxygen species propagation chains, thereby for the 
first time confirming and extending historical speculations on molecular effects of 
baseline toxicity specifically for microalgae [128,343,607,652]. Initial down-regulation 
of gene expression for amino acid- and protein synthesis processes were observed in 
coincidence with stimulation of vesicular trafficking of likely recycled membrane 
components and autophagic mechanisms, revealing activation of complex regulatory 

networks in adaptation to CB exposure. Results were partially obscured by substantial 
losses of sample size and statistical power for some experimental groups over time-
course. 

 In addition to hypothesizing on an acute MoA for CB, a tentative draft AOP for 
“Baseline toxicity inducing algal growth inhibition” (Fig. 66) was hypothesized. As 
opposed to the hypothesized AOP for “Phytoene desaturase inhibition inducing algal 
growth inhibition” proposed in Chapter 4, the present AOP draft as constructed 
singularly using data from the present multi-omics exposure experiment. Due to the 
limitations of the latter, and relatively increased data variance and loss of sample size 
specifically at time-point 1 exposure groups and for DIMS spectral data in the wider 
sense, the perceived confidence in construction of the AOP draft and its elements was 
here lower than for NF. At this point of technological development of omics platforms 
and multivariate data analysis pipelines, the still prevailing inherent uncertainty of 

omics technologies and their generated data emphasizes their primary utility as tools 
for generating hypotheses on molecular mechanisms [653]. This further flags up the 
importance of follow-up experimentation to cross-verify, reproduce and quantify 
discovered biological perturbations and enable analysis of acute toxicant MoA from 
various perspectives and methodologies to gain confidence in understanding of 
toxicity and increase weight of evidence, ultimately enabling robust construction of 
AOPs [116,146,157,654]. Again - ultimately, high-content technologies such as omics 
should enable unsupervised identification of putative molecular markers diagnostic of 
chemical MoA towards application in chemical safety assessment, e.g. for future 
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downstream inclusion of any discovered biomarkers in targeted assay panels to 
perform first-tier screening and categorisation of chemical MoA for untested 
compounds [57,146]. 

 

4. Conclusion 

 Time-resolved multi-omics profiling of synchronized C. reinhardtii cultures 
exposed to the baseline toxicant chlorobenzene was conducted to gain insight into its 
poorly-understood mechanisms of toxicity in algae, and by extension assess utility of 
the tailored multi-omics experimental design towards de-novo hypothesis of acute 
chemical MoA. Data analysis revealed various transient and consistent molecular 
perturbations of the transcriptome, and to lesser degree of the metabolome and 
lipidome. Two gene clusters were proposed as generic markers for aquatic pollution 
in microalgae. Importantly, a hypothetical chemical MoA for chlorobenzene toxicity 
linked to non-specific interactions with biological membranes and their components 
was drafted despite substantial loss of sample size during analytical acquisition, for 
the first time delivering experimental confirmation of historical speculations on the 
molecular basis of baseline toxicity. Subsequently, a tentative AOP draft for “Baseline 
toxicity inducing algal growth inhibition” was constructed, based purely on de-novo 
generated multi-omics data. Lastly, the value of such experimental approach and 
results for application in chemical safety assessments was discussed. 
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Figure 66. A potential AOP draft for “Baseline toxicity inducing algal growth inhibition”, along indication of discoverability by omics. Delineated are 
the AOP draft from molecular initiating event (MIE) over multiple hypothesized key events up to the adverse outcome (AO) of algal growth inhibition. 
Overall, perceived strength of evidence and quantitative understanding was rated low for many elements of the AOP due to high variance in the 
dataset and lack of existing supporting knowledge informing the construction of this AOP draft. 
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Chapter 6 
 

Overall conclusions and outlook 
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1. Introduction 

 Globally, various legislations serve the purpose of guiding chemical safety 

assessments of synthesized or imported chemical compounds, including REACH 

legislation in the European Union. Hazard assessment as part of the chemical safety 

assessment process is to determine any intrinsic danger caused by a chemical 

substance to organisms. In the context of environmental hazard assessment of 

chemicals, this process historically focused on the determination of hazard by 

exposure of various sentinel organisms (e.g. microalgae, invertebrates, fish) to 

compounds under scrutiny, deriving toxicological understanding from observations 

of induced phenotypical effects. 

 Recently, a paradigm shift has commenced globally to modernize the process 

of chemical safety and hazard assessment. This effort of decreasing financial 

expenditure and animal sacrifice while increasing reliability and generalizability of 

gained toxicological knowledge is envisioned to be driven by modern conceptual 

models, alternative technologies, and a general core refocusing of the risk and 

hazard assessment procedure towards understanding the molecular basis driving 

an organisms adverse response to chemical exposure. An example for such 

alternative approaches is the various omics technologies, high-content analytical 

platforms enabling blanket profiling of various domains of biological functional units 

(e.g. metabolites, gene transcripts) and their response patterns to toxic insult. 

However, various stakeholders do not consider omics technologies yet sufficiently 

developed to inform hazard and more generally safety assessment of chemicals. 

 To facilitate more frequent and assured application of omics to environmental 

hazard assessment purposes, different obstacles remain to be addressed by the 

scientific community. Prominent among these are the establishment of tailored 

experimental designs and testing systems suitable for omics-driven hypothesis of 

chemical MoA and by extension discovery of molecular key events to support 
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construction of AOPs, and associated demonstration that omics applying such 

designs and systems can reliably hypothesize on chemical MoA in such fashion to 

be of utility to future hazard assessment  

 In this context, the present study set out to address the research question of 

whether an integrated and time-resolved profiling of the algal metabol-, lipid- and 

transcriptome during toxicant exposure can grant diagnosis of acute chemical MoA, 

support construction of AOP drafts, and aid in chemical hazard assessment. This 

chapter will briefly synthesize and evaluate findings of the present study in the light 

of initially posed scientific objectives and the overall research goal (see Chapter 1). 

 
 

2. Evaluation of scientific objectives 1 and 2 

 The first scientific objective of the study was to ‘outline a tailored experimental 

design that is effective for omics-driven chemical MoA diagnosis and molecular key 

event hypothesis in algal toxicity testing’, whereas the second objective endeavored 

to ‘develop and validate a rigorously-defined algal exposure system suitable to 

support the specific requirements of the outlined experimental design.’   

Theoretical and practical considerations of crucial requirements to such an 

experimental design were delineated, and cross-disciplinary literature of existing 

methods in previously-conducted algal toxico-omics research was scrutinized to 

evaluate their applicability to these requirements. Various culture growth 

experiments over varying culturing conditions were conducted and evaluated using 

metabolomic-, flow cytometric- and cell density measurements. Development of a 

novel C. reinhardtii growth medium and tailored vial exposure system was achieved 

to suit the physical demands of the experimental design. Overall, the conventional 

algal toxicity test format as per official test guidelines was radically restructured to 
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suit a tailored and time-resolved multi-omics analysis of the temporal trajectory of C. 

reinhardtii biological and toxicological signatures over exposure duration with the aim 

of anchoring molecular signatures to cell cycle and adverse phenotype, confidence 

in the latter to be gained through analytical and cellular measures.  

 Previously, algal toxico-omics research with the aim of gaining insight into 

toxicological mechanisms focused heavily on considerations regarding optimal 

application of analytical and statistical methodology, with an orientation of toxicity 

test parameters as prescribed by conventional test guidelines. Despite serving a 

tremendous value to the scientific and regulatory community, conventionall test 

guidelines were historically developed towards deduction of hazard information 

using phenotypical observations, and deduction of molecular mechanisms is 

arguably outside their applicability domain. The prescribed legacy test format 

arguably contains suboptimal parameter selection (lighting, test duration, etc.) with 

relevance to algal cell and population biology, thus resulting in the bulk of existing 

algal toxico-omics research being dominated by low or missing deconvolution of 

temporal dynamics of toxicity, and lack of anchoring of test duration and sampling 

events to crucial biological events. Additionally, algal toxicity tests of volatile 

chemicals required restrictive compromise between amounts of harvestable 

biological material, physical scalability, and disturbance of gas equilibria in test 

vessels during sampling. 

 The originality of the outlined experimental design lies in a number of significant 

modifications to the conventional test format. These entail an explicit prescription of 

population-wide cell cycle synchronization, alignment of the test duration to a single 

cell cycle, and restriction of sampling events to a highly-resolved time-course pattern 

prior to population-harmonized window of adverse outcome induction. The 

experimental design extends existing test guidelines towards maximizing the utility 

of omics to discover perturbation of biological processes in C. reinhardtii and their 

specific association to cell cycle events and induction of adverse phenotype. The 
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abstract and thus generalizable nature of the design permits variation of many of its 

parameters, including employed algal species, exposure concentrations, tested 

toxicants and chemical MoA, omics platforms, or replication vs. spacing of time-

points to enable flexibility to address other scientific questions. For instance, 

concentrations could be adjusted to simulate effects of low-concentration exposures, 

hormetic concentration ranges, or high concentrations mirroring chemical pulse 

discharge into the environment. Conceptually, the design is in a broader sense 

argued to be valid for applicability to other environmental sentinel species as long as 

synchronization of life stage can be achieved, including fish, water flea, or other 

invertebrates. Lastly, the design could serve application in other scientific domains, 

such as investigation into general biological mechanisms, algal responses to 

external stimuli such as radiation, starvation or eutrophication, or biotechnological 

applications (biofuel or hydrogen production, etc.). 

 The developed exposure system prominently allows miniaturization of sacrificial 

test vessels with previously-unachievable high levels of harvestable biomass, high 

scalability of applicable experimental designs in the dimensions of replication and 

number of sampling-points, along support of testing of volatile chemicals. 

Experimental evidence further suggested general validity in reproducing 

concentration-response curves for various toxicants, and the explicit analytical 

benefit of utilizing synchronized cell cultures.  

 The exposure system further showed an overall feasible physical 

implementation of the outlined experimental design, linking the two scientific 

objectives. It features a simple test set-up and flexibility to accommodate alternative 

test designs and toxicants commonly difficult to test (soluble, insoluble, volatile etc.). 

The conducted variability characterization using untargeted metabolomics analysis 

support reproducible and robust generation of data, a prime requirement for any 

methodologies geared for application in regulatory context. The employed batch-

specific normalization strategy of multivariate signatures is argued to represent a 
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generalizable approach to achieve wider comparability between repeated 

experiments within or between scientific laboratories specifically for metabolomics 

data, and might potentially aid in increasing precision in classification-based read-

over of chemical MoA from algal metabolomics profiles. However, empirical 

investigation of the validity of this notion, along the potential applicability of this 

batch-specific normalization strategy to other omics datatypes (e.g. transcriptomics) 

remains material for future investigations. 

 On the other hand, certain limitations of the outlined experimental design, the 

exposure system, and generated results of the variability characterization need to 

be noted. The current sampling procedure allows allocation of sampling events to 

the dark zone of the culturing light period as evidenced by the ultimate sampling 

time-points employed in the norflurazon and chlorobenzene time-course 

experiments, however initial seeding of algal test cultures prominently remains 

limited to the start of the light zone due to light-driven activation of cell cycle. The 

few but yet active metabolic pathways in C. reinhardtii during the experienced dark 

period may limit deduction of mechanistic insight for toxicants with chemical MoA 

specific to these pathways, and restrict generalizability of the design to other 

species. Due to the nature of exponential cell growth, culture set-ups on days prior 

to experiments strongly magnify imprecision in cell densities, a parameter in need of 

rigorous control in the designed exposure system (Scientific Objective 2). Further, 

the test design is currently restricted to investigation of acute chemical MoA, thus far 

ignoring transgenerational or accumulatory low-concentration (chronic) toxicity 

effects.  

 In the developed exposure system, a potential high loss of volatile test chemical 

during test setup was apparent, significantly reducing intended exposure 

concentrations from nominal levels. Preventive laboratory measures need to be 

taken to increase accuracy and reproducibility of future investigations applying this 

system. Additionally, despite the achieved high culturing cell densities and 
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harvestable biological material, even higher material yields might be achieved when 

employing growth media allowing heterotrophic growth, thereby enabling flexibility to 

increase technical replication, avoid substantial decrease of sample size due to 

material loss during metabolite-/lipid-/RNA extractions or instrumental data 

acquisition, or sampling for additional laboratory analyses including other omics 

platforms. Application of such media however entails the caveat of substantially 

increased risk of not generating axenic cultures. Further, characterization of 

experimental variability between experimental repeats was merely conducted using 

metabolomics analysis and comparability to other platforms assumed, experimental 

investigations into variability and repeatability of data from transcriptomics or other 

platforms remains an aim for future work. 

 Despite these limitations, the detailed deliberations of the experimental design 

as described in Chapter 2 are argued here to provide a flexible and useful foundation 

for various applications in microalgal toxicological and biological research. The 

developed exposure system has succeeded in attaining a physically feasible test 

system generating previously unachievably high biomass per experimental vessel, 

and enabling implementation and application of the rigorously-outlined experimental 

design to algal exposure studies. Thus, the first two scientific objectives were hereby 

successfully achieved, and general validity of phenotypic and molecular data 

generated by the tailored exposure system showcased and published [417]. 
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3. Evaluation of scientific objective 3 

 The third objective of the research was to ‘apply the developed toxicity testing 

approach to selected model toxicants as an attempt to diagnose acute chemical MoA 

and hypothesize putative molecular key events to support construction of AOPs.’ 

This objective reflected the essential application of the outlined experimental design 

and the tailored exposure system to a set of model toxicants to probe their power in 

discovering toxicological mechanisms in algae. Multi-omics time-course experiments 

and analysis were here conducted on single generations of synchronized C. 

reinhardtii exposed to two model toxicants, one with well-established chemical MoA 

in algae (norflurazon), and one with a poorly-understood mechanism in algae 

(chlorobenzene). For each, time-resolved acute chemical MoA hypotheses and AOP 

drafts were developed using the generated omics data, and existing knowledge from 

literature background (norflurazon only). As such, the molecular stress profiles of C. 

reinhardtii to both toxicants could be recorded, and linked from exposure to induction 

of adverse phenotype over increasing stimulation of molecular response via two 

discrete concentration levels. 

 Single- or multiple sampling time-point experiments employing one or multiple 

omics approaches to scrutinize mechanisms of toxicity are no novelty. Experiments 

on various model organisms including rodents, human cell lines, fish, water flea, 

spring tail or algae were previously performed to elucidate molecular effects of 

toxicants – seminal studies include references [245,250,252,411,423,655–659]. In 

the present study however, experiments were performed on a previously 

unachievable scale of factored sampling time-point frequency, biological replication, 

and exposure concentration levels, particularly not in toxicological multi-omics 

research in algae. Specifically the hybrid approach of attempting to validate a multi-

omics-driven approach of hypothesizing chemical MoA using a combination of 

toxicants with well-described and poorly-understood mechanisms of toxicity breaks 
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new ground as an evaluation strategy, indicating both reproducibility of existing 

knowledge and generation of novel insights into acute chemical MoA in algae. 

Substantial contribution to the research community was further provided by the 

comparison of gained insight into molecular effects of toxicants on C. reinhardtii 

between ‘collapsed’ datasets (omitting sampling time from data as a variable) and 

actual time-resolved datasets (time-course profiling and juxtaposed single time-point 

analysis). ‘Collapsed’ datasets are argued to mirror approximately those results to 

be gained from employing non-synchronized cultures in single sampling time-point 

experimental designs, which was as demonstrated a comparatively far less 

sophisticated and meaningful approach to gaining insight into acute chemical MoA 

and its temporal dynamics. Deriving hypotheses for the molecular mechanisms of 

toxicity for a herbicide and an industrial chemical to algae, the work conducted in 

Chapters 4 and 5 contributes an arguably successful evaluation of an omics-driven 

approach to hypothesize the chemical MoA of compounds, and support construction 

of AOP drafts.  As such, these two experiments have indicated validity of the 

experimental approach at large. 

 On the other hand, reduced accuracy and precision of generated data along 

with non-negligible sample loss during quality assurance procedures did limit the 

insightfulness of findings. This was specifically prominent for the chlorobenzene 

exposure experiment, and was mirrored in limited accuracy and clarity of results 

when attempting to construct a chemical MoA hypothesis and construct an AOP 

draft. However, it has to be kept in mind that these hypotheses were driven purely 

by the generated omics data, whereas the acute chemical MoA schematic and AOP 

draft for the norflurazon experiment was at least partially supported by existing 

knowledge on acute chemical MoA. Further, the utility of the employed omics 

platforms in describing perturbance of biological processes was highly dichotomous. 

Transcriptomics data was vital in gaining biological and toxicological insights, as 

evidenced by its high analytical precision and almost exclusive foundation for gained 
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insights from enrichment analyses in the present study. DIMS-based metabolomics 

and lipidomics suffered from low levels of putative spectral peak annotation success 

and thus decreased utility in pathway enrichment analyses for the present 

microalgae species (similarly to other environmental model species), relatively large 

inter-group biological variability despite low technical variability, and instrumental 

sample acquisition problems, as compared to the more successful mapping of RNA 

transcripts to the C. reinhardtii genome. However, spectral peaks in the 

metabolomics and lipidomics datasets determined as significantly different between 

exposure groups may still prove a substantial asset for future follow-up 

experimentation and downstream application. From a perspective of untargeted 

analysis of the metabolome and lipidome, non-annotated significant features could 

be evaluated regarding their specificity to a toxicant’s MoA, their concentration-

response profiles characterized, and metabolite/lipid identification performed using 

targeted methodologies such as liquid-chromatography tandem mass-spectrometry. 

In such fashion, statistically important spectral features could be explored for 

biological relevance and chemical MoA diagnostic value. 

 Despite these shortcomings and particularly the increased variance of 

experimental results generated within the chlorobenzene exposure experiment, the 

third scientific objective of applying the general experimental approach towards 

showcasing omics-driven hypothesis of model toxicant chemical MoA is thus here 

argued to have been satisfactorily accomplished. 

  

4. Evaluation of the overall research goal  

 Tying theoretical considerations and empirical insights together, the 

overarching research goal was ‘’to develop and trial an integrated multi-omics-driven 

algal toxicity testing approach for hypothesis of acute chemical MoA and putative 
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molecular key events to support construction of AOPs”, which was successfully 

achieved upon evaluation of scientific objectives 1 to 3. Delineating chemical MoA 

of compounds is commonly conducted via collation, synthesis and evaluation of 

toxicological and supporting information stemming from various data sources, 

applied methodologies and experimental approaches. Here, a single large-scale 

experiment was showcased to yield detailed insights into mechanisms of toxicity 

induced by chemical compounds in microalgae. The applied multi-omics time-course 

approach could provide a highly-leveraged method for hypothesizing on the 

molecular effects of chemicals on environmental model species, by both increasing 

confidence in existing knowledge on chemical MoA but more impactfully yielding 

meaningful new hypotheses on compounds with little understanding of induced toxic 

mechanisms. 

 A perceived valuable contribution to the scientific community is found in the 

developed integrated and flexible experimental and conceptual approach, allowing 

them to discover molecular mechanisms using varying experimental designs and 

intended purposes of investigation, specifically those attempting to deconvolute 

effects of chemical or environmental stressors. Building on both valuable insights 

and perceived shortcomings of innumerable former research efforts in microalgal 

toxicological studies, the assembled integrated testing approach could potentially 

serve regulatory applications to inform environmental hazard assessment of 

chemical compounds, e.g. towards structuring IATA (integrated approaches to 

testing and assessment) or informing and supporting construction of AOPs. Multi-

omics approaches such as those presented here are envisioned in the future to drive 

untargeted categorization of chemical MoA as experimental tools or to serve 

development of panels of targeted assays utilizing biomarkers diagnostic of chemical 

MoA, pending downstream follow-up experimental verification of generated 

molecular hypotheses. 
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 To achieve such verification of biological insights gained through omics as 

demonstrated, a number of future experimental follow-up investigations are 

warranted. For each studied chemical MoA, it will be necessary to extend the 

application of the developed multi-omics discovery approach to further model 

toxicants to achieve insights into intersections of biomarkers and biological stress 

signatures specific to or shared between certain toxicants, classes of chemical 

compounds, or mechanisms of molecular perturbation. Such would not only 

demonstrate reproducible re-discovery of the generated data and the hypothesized 

chemical MoA but also allow confident proposal of putative biomarkers diagnostic of 

chemical MoA from the generated datasets. To enable future selection of potential 

candidate biomarkers towards application in above-mentioned panels of targeted 

assays, and the latter to be of utility in first-tier screening of compounds, untargeted 

and automated selection of features correlated between multi-omics datasets using 

advanced algorithms such as the MOCA7 algorithm currently under development 

might prove valuable. Such approaches could increase throughput of analysis while 

reducing noise in the dataset by feature selection of markers both correlated within 

and between discrete datasets (e.g. from different omics platforms) over increasing 

exposure concentration. In the future, following specifically the hypothesis of single 

biomarkers potentially diagnostic of chemical MoA and potentially even representing 

molecular key events within AOPs in such approaches, targeted post-hoc tests will 

be ultimately required to evaluate and characterize these markers and their 

relationships if they are to be integrated into mechanism-based hazard assessment. 

For increasing confidence of such targeted test approaches within IATA, targeted 

test panels should contain a multitude of diagnostic markers sufficient to 

disambiguate different chemical MoA while accommodating for multi-layered and 

 
7 “Multi-omics Module Correlation Analysis”; Currently under development by Dr. Albert 
Zhou, School of Biosciences, University of Birmingham. 
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complex biological response characteristics of organisms to toxic insult, as no single 

biomarker will be indicative of any one single chemical MoA.  

 

5. Outlook 

 Increasingly, method development of the various omics platforms will permit 

toxicological investigations with higher data-point resolution along lower financial 

expenditure. A lynchpin of applying omics technologies to toxicological investigations 

is an understanding of their real applicability domain. Omics are sophisticated tools 

for hypothesis generation, and if utilized as such and within the confines of tailored 

experimental designs such as the one presented in this study, they can prove both 

valuable additions or starting points for an investigation into molecular mechanisms, 

specifically those associated with toxicological effects. The more levels of biological 

functional units are explored in conjunction, the more complete the insight will be. A 

future trend here for instance is an application of epi-genomics investigations into 

low-dose chronic effects induced by chemicals. However, future applications of 

omics could well aspire to comprise not only toxicodynamic investigations into 

regulatory, adaptive or adverse stress profiles of organisms in response to toxic 

insult, but also to quantify toxicokinetic mechanisms, ecological interactions such as 

cell population-wide stress signaling, or serve as biomonitoring tools to assess 

dynamic change of environmental DNA (eDNA) in response to local, global and 

regional pollution. 

 The presented work developed and trialed an integrated, multi-omics driven 

approach to hypothesize molecular mechanisms (specifically of toxicological nature), 

thereby attempting to aid existing experimental designs, test guidelines and 

analytical methodologies to embrace the 21st-century paradigm towards mechanism-

based ecotoxicology.  
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A.1. Supplementary fIgures 

 

 
 

Figure SI-1. Presence of palmelloids in the three phosphate supplementation levels in C. 
reinhardtii populations after 48 h inoculation, grown under 12 h:12 h light:dark cycles in open 
flasks. Population size distributions [µm] in CASY cell count monitor (Left), and population growth 
curves (Right) for n = 4 cultures in dependence of phosphate supplementation. Palmelloid 
occurrence in CASY was visible as 2-cell aggregates in the selected measurement window of the 
capillary. The presence of larger cell aggregates was confirmed via light microscopy, and the 
resulting decreased growth rates can be observed in strongly-lagging population growth curve of 
“High”-phosphate group. 
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Fig SI-2. Comparison of varying NaHCO3-supplementation over 72h growth in CGM (open flasks). 
Growth increases with increasing carbon supplementation up to approximately 250 mg/L, and 
decreases with 3 g/L and 6 g/L. Altered morphology and enlarged of cells were observable in 1, 3 
and 6 g/L supplementation under the microscope. 

 

 
Figure SI-3. PCA scores plots (PC1 vs. PC3) visualizing the similarities and differences between 
three independent repeated exposure studies (biological batches), including each control and CB 
group (each n = 10). (A) All six control and CB groups, across all biological batches, and (B) control 
groups only, across the three batches. Groups were: Biological batch 1 Control (Purple), CB (Green), 
batch 2 Control (Yellow), CB (Orange), and batch 3 Control (Red), CB (Blue). 
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Figure SI-4. PCA scores plots (PC1 vs. PC2 (A) and PC3 (B)) visualizing the similarities and 
differences between three independent and identically repeated exposure studies (biological batches) 
for only the CB group (each n = 10. Groups were: Biological batch 1 CB (Red), batch 2 CB (Green), 
and batch 3 CB (Blue). 
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Figure SI-5. metaboClust software time-profile clusters of NF lipidomics data over time-course, 
with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. K = 9 
clusters of spectral peaks with similar time-profiles and displaying monotonous dose-
concentration behavior were identified, however no single cluster could be meaningfully 
labelled with putative metabolite annotations and/or pathway enrichments. 
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Figure SI-6. metaboClust software time-profile clusters of NF positive ion metabolomics data over 
time-course, with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. K 
= 9 clusters of spectral peaks with similar time-profiles and displaying monotonous dose-
concentration behavior were identified, however no single cluster could be meaningfully labelled with 
putative metabolite annotations and/or pathway enrichments. 
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Figure SI-7. metaboClust software time-profile clusters of NF negative ion metabolomics data over 
time-course, with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. K = 
9 clusters of spectral peaks with similar time-profiles and displaying monotonous dose-concentration 
behavior were identified, however no single cluster could be meaningfully labelled with putative 
metabolite annotations and/or pathway enrichments. 
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Figure SI-8. PCA and RSD violin plot of the NF dataset after global peak alignment and other 
processing steps, post removal of sequences sections with unacceptably large m/z calibration drift, 
before (Top) and after (Bottom) LOESS-signal correction. Close clustering of QC samples (black labels) 
with mRSD = 8.8% suggests low technical variance of QC samples after LOESS-signal correction. RSD 
distributions of samples batches 1-3 are higher due to their heterogeneity containing samples of all 
exposure groups and timepoints in a randomized sequence. 
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Figure SI-9. Percentage of missing values (%NAs per sample) in DIMS positive metabolomics data 
after global peak alignment and LOESS-signal correction of the NF dataset post removal of sequences 
sections with unacceptably large m/z calibration drift.  
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Figure SI-10. Total RNA extraction yields (ng total RNA) per sample of both CB and NF 
experimental samples, grouped by experimental time-point. Samples with less than 200ng total 
RNA yield are labelled. 
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Figure SI-11. Heatmap of k-means clustering of NF and CB Control sample gene expression activity 
over time-course, with Joint Genome Institute Gene Ontology enrichments by genes contained within 
the clusters. Color red indicates relatively increased expression, color green indicates relative reduction 
in gene expression. 
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Figure SI-13. JGI-GO enrichments of DEG found in the collapsed NF dataset (omission of time as 
variable), split up by comparison LOW (Low-vs-Control group) and HIGH (High-vs-Control group), and 
by direction of changes (UP-, DOWN-regulation of gene expression). Dendogram branches suggest 
ontological similarity, size of nodes indicates statistical significance. 
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Figure SI-14. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of the JGI gene ontology “Oxidation-reduction process” in the NF 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 
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Figure SI-15. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for FSD1 (superoxide dismutase) in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-16. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for PRX1 (peroxidredoxin 1) in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-17. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for PRX2 (peroxiredoxin 2) in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-18. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for PRX7 (peroxiredoxin 7) in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-19. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TRXF in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-20. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TRXH in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-21. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TRXO in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-23. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TRXY in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-22. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TRXX in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-24. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes in the maSigPro time-profile cluster “Cluster01” in the NF 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 

 

Figure SI-25. Hierarchical tree of JGI-GOs enriched by genes in maSigPro 
“Cluster01”, along their FDR value. Dendogram branches suggest 
ontological similarity, size of nodes indicates statistical significance.’ 
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Figure SI-26. Normalized peak intensities per replicate and connection line of replicate median values 
for DIMS spectral peak m/z = 753.5497854449015 putatively annotated as "1-18:2-2-16:0-
monogalactosyldiacylglycerol”, along significance annotation (ANOVA) indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 

11

12

13

TP1* TP2** TP3** TP4* TP5 TP6** TP7*** TP8 TP9***
Timepoint

No
rm

al
ise

d 
pe

ak
 in

te
ns

ity
)

Control Low High

1−18:2−2−16:2−monogalactosyldiacylglycerol_peak1

Figure SI-27. Normalized peak intensities per replicate and connection line of replicate median values 
for DIMS spectral peak m/z = 749.5218664989833 putatively annotated as "1-18:2-2-16:2-
monogalactosyldiacylglycerol”, along significance annotation (ANOVA) indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 
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Figure SI-28. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of non-redundant genes enriching JGI-GOs “Peroxisomal transport” and 
“Protein targeting to peroxisome” in the NF transcriptomics dataset. Significant changes in expression 
(ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 

 

Figure SI-29. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes in the maSigPro time-profile cluster “Cluster03” in the NF 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 
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Figure SI-30. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes in the maSigPro time-profile cluster “Cluster05” in the NF 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 

Figure SI-31. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes in the KEGG carotenoid synthesis pathway (KEGG pathway code 
cre00906) using the NF transcriptomics dataset. Significant changes in expression (ANOVA) are 
indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-32. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within the KEGG Non-mevalonate pathway (KEGG module code 
M00096) using the NF transcriptomics dataset. Significant changes in expression (ANOVA) are 
indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-33. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for GGR (geranylgeranyl reductase) in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-34. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes in the maSigPro time-profile cluster “Cluster08” in the NF 
transcriptomics dataset. Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** 
(FDR<0.01) or *** (FDR<0.001). 
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Figure SI-35. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for VIPP1 in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-36. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within the JGI-GO Lysine biosynthesis (as identified by PGSEA at 
TP3-7), using the NF transcriptomics dataset. Significant changes in expression (ANOVA) are indicated 
by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-37. Time-course plots of replicate expression values and median connection line. Showing 
expression of the gene transcript for ETFa an ETFb in the NF transcriptomics dataset. Significant 
changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-38. Time-course plots of replicate expression values and median connection line. Showing 
expression of the gene transcript for SEC23A and SEC24A in the NF transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 

 

6

7

8

9

TP1 TP2 TP3 TP4 TP5 TP6 TP7 TP8*** TP9**
Timepoint

Ex
pr

es
sio

n 
va

lu
e 

(rl
og
−t

ra
ns

fo
rm

ed
)

Control Low High

SEC23A



 

 
- 219 - 

 

 

 

 

4.5

5.0

5.5

6.0

TP1 TP2 TP3** TP4 TP5* TP6** TP7 TP8* TP9
Timepoint

Ex
pr

es
sio

n 
va

lu
e 

(rl
og
−t

ra
ns

fo
rm

ed
)

Control Low High

AMTF1

Figure SI-39. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for AMTF1 in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-40. Time-course plots of replicate expression values and median connection line. Showing 
expression of the gene transcript for CCP1 and CCP2 in the NF transcriptomics dataset. Significant 
changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-41. Time-course plots of replicate expression values and median connection line. Showing 
expression of the gene transcript for CAH1 and FBP1 in the NF transcriptomics dataset. Significant 
changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-42. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within the JGI-GO Glyceraldehyde-3-phosphaste metabolism (as 
identified by PGSEA at TP6), using the NF transcriptomics dataset. Significant changes in expression 
(ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 

 

8.5

9.0

9.5

10.0

10.5

11.0

TP1* TP2 TP3 TP4 TP5 TP6** TP7*** TP8*** TP9***
Timepoint

Ex
pr

es
sio

n 
va

lu
e 

(rl
og
−t

ra
ns

fo
rm

ed
)

Control Low High

master_GOI

Figure SI-43. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for GPXH in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-44. Gene expression heatmaps (red = relative increase, blue = relative decrease) and JGI-
GO hierarchical enrichment trees of two gene cluster identified by hierarchical cluster analysis, of the 
NF experiment, indicating activity of macro- and micromolecular processes almost exclusively in non-
exposed cells Dendogram branches suggest ontological similarity, size of nodes indicates statistical 
significance.’.  

 

Figure SI-45. Network maps of JGI-GO enrichments of genes contained within NF experiment 
maSigPro (A) “Cluster02” and (B) “Cluster06”. Distance of the lines (“edges”) is a measure of similarity, 
size of the nodes (bright green) is relative to significance of enrichment of the ontology term. 
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Figure SI-46. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for SPO11a in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-47. Time-course plot of replicate expression values and median connection line. Showing 
expression of the gene transcript for TOR-kinase in the NF transcriptomics dataset. Significant changes in 
expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-48. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within the JGI-GO Plant-type cell wall (as identified by PGSEA at 
TP9), using the NF transcriptomics dataset. Significant changes in expression (ANOVA) are indicated 
by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 
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Figure SI-49. PCA scores plot of CB exposure experiment lipidomics data of experimental 
sampling time-point 1 (TP1). Indicated is the single replicate of “Low” exposure group that was 
reassigned to “High” group to increase statistical power, resulting in a generic “Treatment” group 
containing all “Low” and “High” replicates. 
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Figure SI-50. metaboClust software time-profile clusters of CB lipidomics data over time-
course, with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. 
K = 9 clusters of spectral peaks with similar time-profiles and displaying monotonous dose-
concentration behavior were identified, however no single cluster could be meaningfully 
labelled with putative metabolite annotations and/or pathway enrichments. 
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Figure SI-51. metaboClust software time-profile clusters of CB positive ion metabolomics data over 
time-course, with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. 
K = 9 clusters of spectral peaks with similar time-profiles and displaying monotonous dose-
concentration behavior were identified, however no single cluster could be meaningfully labelled 
with putative metabolite annotations and/or pathway enrichments. 
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Figure SI-52. metaboClust software time-profile clusters of CB negative ion metabolomics data over 
time-course, with “Cluster 0” (crossed out) reflecting all insignificant spectral peaks in the dataset. K 
= 9 clusters of spectral peaks with similar time-profiles and displaying monotonous dose-
concentration behavior were identified, however no single cluster could be meaningfully labelled with 
putative metabolite annotations and/or pathway enrichments. 
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Figure SI-53. PCA scores plot (PC4 and PC5) of CB exposure experiment transcriptomics data. 
Consistent molecular effects of chemical exposure are appreciable on PC4 over all experimental 
sampling time-points. 
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Figure SI-55. JGI-GO enrichments of DEG found in the collapsed CB dataset (omission of time as 
variable). DEGs for all comparisons only led to significant enrichments for the High-vs.-Control 
comparison, with 3 JGI-GOs upregulated. Dendogram branches suggest ontological similarity, size of 
nodes indicates statistical significance.’ 

Figure SI-56. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within maSigPro “Cluster01”, using the CB transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-57. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within maSigPro “Cluster03”, using the CB transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 

 

Figure SI-58. KEGG enrichment map for the KEGG pathway “Fatty acid synthesis” (KEGG code 
cre00061) enriched by genes from the CB experiment maSigPro “Cluster01”. Marked in red are the 
individual genes found both within maSigPro “Cluster01” and the KEGG pathway. 
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Figure SI-59. KEGG enrichment map for the KEGG pathway “Ubiquinone and other terpenoid-quinone 
biosynthesis” (KEGG code cre00130) enriched by genes from the CB experiment maSigPro “Cluster01”. 
Marked in red are the individual genes found both within maSigPro “Cluster01” and the KEGG pathway. 
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Figure SI-60. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within JGI-GOs “Response to hydrogen peroxide”, “Reactive oxygen 
species metabolic process”, “Response to reactive oxygen species”, “Glutathione metabolic process”, 
“Sulfur compounds transport” and “Sulfate transport”, using the CB transcriptomics dataset. Significant 
changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 

 

Figure SI-61. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within maSigPro “Cluster04”, using the CB transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-62. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within JGI-GOs ““Autophagosome assembly”, “Macroautophagy” 
and “Autophagy”, using the CB transcriptomics dataset. Significant changes in expression (ANOVA) 
are indicated by * (FDR<0.05), ** (FDR<0.01) or *** (FDR<0.001). 

 

Figure SI-63. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within maSigPro “Cluster05”, using the CB transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 
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Figure SI-64. Time-course plot, median of genes per replicate and median of medians with connection 
line. Showing expression of genes within maSigPro “Cluster06”, using the CB transcriptomics dataset. 
Significant changes in expression (ANOVA) are indicated by * (FDR<0.05), ** (FDR<0.01) or *** 
(FDR<0.001). 

 

Figure SI-65. The core of the carotenoid synthesis pathway, with the molecular target site of 
norflurazon indicated. PSY = phytoene synthase, PDS = phytoene desaturase, ZDS = zeta-carotene 
desaturase, CRTISO = carotenoid isomerase, Z-ISO = 15-cis-zeta-carotene isomerase, LCY-e = 
lycopene e-cyclase, LCY-b = lycopene b-cyclase, BCH1/2 = beta-carotene hydroxylase 1/2, CYP97C1 
= cytochrome P450 carotene e-hydroxylase, CYP97A3 = cytochrome P450 monooxygenase, ZEP = 
zeaxanthin epoxidase, VDE = violaxanthin de-epoxidase, NXS = neoxanthin synthase, NCED = 9-cis-
epoxycarotenoid dioxygenase, CCD1 = carotenoid cleavage dioxygenase 1. Norflurazon inhibition site 
is indicated. Figure and caption from ref. [559]. 
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Figure SI-66. Barplots comparing chlorobenzene concentrations in test system 

medium, measured using GC-MS, to assess whether any loss occurs over the test 

duration. At 0 h and after a 12 h 15 min exposure period, two concentration groups 

‘Low’ (nominal 14 mg/L) and ‘High’ (nominal 24 mg/L) test groups were measured. 

Bars represent mean ±sd (n = 4 per group). 
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A.2. Supplementary tables 

Table SI-T1. Determination of mean true vial volume of T101/V4 vials. The weight of n = 10 empty 
vials was measured, then the vials were filled to the brim with 20°C deionized water. The weight was 
measured again, and the difference calculated. The average of the difference was divided by the 
density of water at 20 °C to yield the mean true vial volume of 11.14ml, +-0.11ml. 
 

Weight empty [g] Weight filled [g] Difference [g] 

8.207 19.211 11.004 

8.235 19.442 11.207 

8.331 19.473 11.142 

8.211 19.214 11.003 

8.319 19.479 11.16 

8.212 19.181 10.969 

8.178 19.258 11.08 

8.293 19.527 11.234 

8.435 19.694 11.259 
 

Mean 11.118 
 

Density H2O [g/cm3] at 20 °C 0.998203 
 

True vial volume [ml] 11.138 
 

Standard deviation [ml] 0.108 
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Table SI-T2. m/z values of NF- and its main metabolite desmethyl-NF (NF-desMe)- adducts that were 
removed from NF metabolomics and lipidomics datasets, per ion mode. Hac = Acetate, Br = Bromine, 
TFA = Trifluoroacetic acid, DMSO = Dimethylsulfoxide, CH3OH = Methanol. Monoisotopic mass for 
NF = 303.038635 Da, for NF-desMe = 289.023 Da. 

Chemical Ion mode Adduct m/z 
NF Negative M-3H  100.005602 
NF Negative M-2H  150.512042 
NF Negative M-H2O-H 284.020245 
NF Negative M-H  302.031359 
NF Negative M+Na-2H  324.013301 
NF Negative M+Cl  338.008037 
NF Negative M+K-2H  339.987241 
NF Negative M+Hac-H  362.052486 
NF Negative M+Br  381.95752 
NF Negative M+TFA-H  416.024221 
NF Negative 2M-H  605.069994 
NF Negative 2M+Hac-H  665.091121 
NF Negative 3M-H  910.123181 
NF-desMe Negative M-3H  95.333724 
NF-desMe Negative M-2H  143.504224 
NF-desMe Negative M-H2O-H 270.00461 
NF-desMe Negative M-H  288.015724 
NF-desMe Negative M+Na-2H  309.997666 
NF-desMe Negative M+Cl  323.992402 
NF-desMe Negative M+K-2H  325.971606 
NF-desMe Negative M+Hac-H  348.036851 
NF-desMe Negative M+Br  367.941885 
NF-desMe Negative M+TFA-H  402.008586 
NF-desMe Negative 2M-H  577.038724 
NF-desMe Negative 2M+Hac-H  637.059851 
NF-desMe Negative 3M-H  868.076276 
NF Positive M+3H  102.020154 
NF Positive M+2H+Na  109.347468 
NF Positive M+H+2Na  116.779069 
NF Positive M+3Na  124.002096 
NF Positive M+2H  152.526594 
NF Positive M+H+NH4  161.039868 
NF Positive M+H+Na  163.517565 
NF Positive M+H+K  171.504535 
NF Positive M+2Na  174.508536 
NF Positive M+H  304.045911 
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NF Positive M+NH4  321.072458 
NF Positive M+Na  326.027853 
NF Positive M+CH3OH+H  336.072124 
NF Positive M+K  342.001793 
NF Positive M+2Na-H  348.009795 
NF Positive M+2K+H  379.957675 
NF Positive M+DMSO+H  382.059855 
NF Positive 2M+H  607.084546 
NF Positive 2M+NH4  624.111093 
NF Positive 2M+Na  629.066488 
NF Positive 2M+3H2O+2H 634.10039 
NF Positive 2M+K  645.040428 
NF Positive M+FA+H 350.051389 
NF Positive M+FA+K 342.001793 
NF Positive M+FA+Na 326.027853 
NF Positive M+FA+NH4 321.072458 
NF Positive 2M+FA+H 653.090024 
NF Positive M/2+FA+H 198.532072 
NF Positive M/3+FA+H 148.025632 
NF-desMe Positive M+3H  97.348276 
NF-desMe Positive M+2H+Na  104.67559 
NF-desMe Positive M+H+2Na  112.10719 
NF-desMe Positive M+3Na  119.330218 
NF-desMe Positive M+2H  145.518776 
NF-desMe Positive M+H+NH4  154.03205 
NF-desMe Positive M+H+Na  156.509747 
NF-desMe Positive M+H+K  164.496717 
NF-desMe Positive M+2Na  167.500718 
NF-desMe Positive M+H  290.030276 
NF-desMe Positive M+NH4  307.056823 
NF-desMe Positive M+Na  312.012218 
NF-desMe Positive M+CH3OH+H  322.056489 
NF-desMe Positive M+K  327.986158 
NF-desMe Positive M+2Na-H  333.99416 
NF-desMe Positive M+2K+H  365.94204 
NF-desMe Positive M+DMSO+H  368.04422 
NF-desMe Positive 2M+H  579.053276 
NF-desMe Positive 2M+NH4  596.079823 
NF-desMe Positive 2M+Na  601.035218 
NF-desMe Positive 2M+3H2O+2H 606.06912 
NF-desMe Positive 2M+K  617.009158 
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NF-desMe Positive M+FA+H 336.035754 
NF-desMe Positive M+FA+K 327.986158 
NF-desMe Positive M+FA+Na 312.012218 
NF-desMe Positive M+FA+NH4 307.056823 
NF-desMe Positive 2M+FA+H 625.058754 
NF-desMe Positive M/2+FA+H 191.524254 
NF-desMe Positive M/3+FA+H 143.353754 
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Table SI-T3. Analysis report of metaboClust time-profile clustering – NF experiment 

Cluster assignments – Lipidomics, negative ion mode (see Fig. SI-5) 

• Cluster 0 (Insignificant): 3882 spectral peaks  
• Cluster 1: 162 spectral peaks 
• Cluster 2: 61 spectral peaks 
• Cluster 3: 119 spectral peaks 
• Cluster 4: 41 spectral peaks 
• Cluster 5: 98 spectral peaks 
• Cluster 6: 103 spectral peaks 
• Cluster 7: 51 spectral peaks 
• Cluster 8: 48 spectral peaks 
• Cluster 9: 21 spectral peaks 

Cluster assignments – Metabolomics, positive ion mode (see Fig. SI-6) 

• Cluster 0 (Insignificant): 103 spectral peaks 
• Cluster 1: 35 spectral peaks 
• Cluster 2: 17 spectral peaks 
• Cluster 3: 19 spectral peaks 
• Cluster 4: 27 spectral peaks 
• Cluster 5: 19 spectral peaks 
• Cluster 6: 32 spectral peaks 
• Cluster 7: 25 spectral peaks 
• Cluster 8: 9 spectral peaks 
• Cluster 9: 23 spectral peaks 

Cluster assignments – Metabolomics, negative ion mode (see Fig. SI-7) 

• Cluster 0 (Insignificant): 992 spectral peaks 
• Cluster 1: 16 spectral peaks 
• Cluster 2: 18 spectral peaks 
• Cluster 3: 23 spectral peaks 
• Cluster 4: 14 spectral peaks 
• Cluster 5: 3 spectral peaks 
• Cluster 6: 16 spectral peaks 
• Cluster 7: 5 spectral peaks 
• Cluster 8: 6 spectral peaks 
• Cluster 9: 3 spectral peaks 

 

 

Table SI-T4. Analysis report of maSigPro time-profile clustering – NF experiment 
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• Number of total features: 17943 
• Number of filtered features: 569 
• Number of features after filtering: 17374 
• Number of analyzed samples: 96/96 
• Differentially expressed features identified (FDR <0.05): 16616 
• Significant features (R-squared >0.7) according to the selection procedure: 

o All significant features: 6336 
o Significant features for each experimental group  

§ Control: 6092 
§ High vs Control: 5763 
§ Low vs Control: 5459 

o Significant features for each regression variable8: 

§ Start_Low: 2273 
§ Start_High: 2793 
§ Start_Control: 5841 
§ Linear_Low: 3861 
§ Linear_High: 4125 
§ Linear_Control: 5175 
§ Curved_Low: 4273 
§ Curved_High: 4328 
§ Curved_Control: 4986 

• Cluster memberships in time-profile clustering 
o Cluster 1: 991 
o Cluster 2: 690 
o Cluster 3: 689 
o Cluster 4: 1296 
o Cluster 5: 542 
o Cluster 6: 583 
o Cluster 7: 470 
o Cluster 8: 392 
o Cluster 9: 683 

  

 
8 Start: Features with a statistically significant differential expression at the first time point. Linear: 
Features that show a statistically significant linear response of induced or repressed expression 
over time. Curved: Features that show a statistically significant change in the linear response that 
might be indicating a transitory or saturation behavior. 
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Table SI-T5. DIMS negative lipidomics assay putative spectral peak annotation success rates and 
median ppm error, per experimental time-point groups. Displayed are data from the NF and CB 
experiment. 

Experiment Timepoint Comparison Median ppm 
error 

Annotation 
success rate 

NF (Lipidomics 
assay) 

TP1 High - Control NA 0% 
 Low - Control Na 0% 
TP2 High - Control 2.93 4.9% 
 Low - Control 1.95 3.9% 
TP3 High - Control NA 0% 
 Low - Control NA 0% 
TP4 High - Control 3.69 6.5% 
 Low - Control 1.95 3.2% 
TP5 High - Control 1.95 5% 
 Low - Control 1.95 5.8% 
TP6 High - Control 2.15 5% 
 Low - Control 1.95 6.1% 
TP7 High - Control 1.83 6.75% 
 Low - Control 1.95 4% 
TP8 High - Control 2.22 5.1% 
 Low - Control 1.95 4.8% 
TP9 High - Control 2.22 5.1% 
 Low - Control 1.95 3.8% 

CB (Lipidomics 
assay) 

TP1 High - Control NA 0% 
 Low - Control NA 0% 
TP2 High - Control 0.15 37.5% 
 Low - Control NA 0% 
TP3 High - Control NA 0% 
 Low - Control NA 0% 
TP4 High - Control NA 0% 
 Low - Control NA 0% 
TP5 High - Control NA 0% 
 Low - Control NA 0% 
TP6 High - Control NA 0% 
 Low - Control 0.99 2.3% 
TP7 High - Control NA 0% 
 Low - Control NA 0% 
TP8 High - Control NA 0% 
 Low - Control NA 0% 
TP9 High - Control NA 0% 
 Low - Control NA 0% 
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Table SI-T6. DIMS positive ion mode metabolomics assay putative spectral peak annotation 
success rates and median ppm error, per experimental time-point groups. Displayed are data from 
the NF and CB experiment. 

 
  Experiment Timepoint Comparison Median ppm 

error 
Annotation 
success rate 

NF 
(Metabolomics 
positive ion 
mode assay) 

TP1 High - Control NA 0% 
 Low - Control NA 0% 
TP2 High - Control NA 0% 
 Low - Control NA 0% 
TP3 High - Control NA 0% 
 Low - Control NA 0% 
TP4 High - Control NA 0% 
 Low - Control NA 0% 
TP5 High - Control -3.46 16.4% 
 Low - Control -3.26 8% 
TP6 High - Control -2.99 9.3% 
 Low - Control -3.26 9.3% 
TP7 High - Control -3.12 6.1% 
 Low - Control -3.26 4.7% 
TP8 High - Control -2.88 6.7% 
 Low - Control -3.26 6.1% 
TP9 High - Control -3.12 5.7% 
 Low - Control -3.26 5.4% 

CB 
(Metabolomics 
positive ion 
mode assay) 

TP1 High - Control NA 0% 
 Low - Control NA 0% 
TP2 High - Control NA 0% 
 Low - Control NA 0% 
TP3 High - Control NA 0% 
 Low - Control 1.26 2.66% 
TP4 High - Control NA 0% 
 Low - Control NA 0% 
TP5 High - Control -1.03 0.9% 
 Low - Control NA 0% 
TP6 High - Control NA 0% 
 Low - Control NA 0% 
TP7 High - Control NA 0% 
 Low - Control NA 0% 
TP8 High - Control 0.46 2.5% 
 Low - Control 1.26 5.7% 
TP9 High - Control -0.92 0.7% 
 Low - Control 1.26 8.6% 
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Table SI-T7. DIMS negative ion mode metabolomics assay putative spectral peak annotation 
success rates and median ppm error, per experimental time-point groups. Displayed are data from 
the NF and CB experiment. 

Experiment Timepoint Comparison Median 
ppm error 

Annotation 
success rate 

NF 
(Metabolomics 
negative ion 
mode assay) 

TP1 High - Control NA 0% 
 Low - Control NA 0% 
TP2 High - Control NA 0% 
 Low - Control NA 0% 
TP3 High - Control NA 0% 
 Low - Control -1.96 20.6% 
TP4 High - Control -0.82 10.2% 
 Low - Control -1.96 7.8% 
TP5 High - Control -3.11 11.2% 
 Low - Control -1.96 9.8% 
TP6 High - Control -3.1 9.7% 
 Low - Control -1.96 6.8% 
TP7 High - Control -2.45 14.3% 
 Low - Control NA 0% 
TP8 High - Control -2.03 13.6% 
 Low - Control NA 0% 
TP9 High - Control -1.42 36.1% 
 Low - Control NA 0% 

CB 
(Metabolomics 
negative ion 
mode assay) 

TP1 High - Control NA 0% 
 Low - Control NA 0% 
TP2 High - Control NA 0% 
 Low - Control NA 0% 
TP3 High - Control NA 0% 
 Low - Control NA 0% 
TP4 High - Control NA 0% 
 Low - Control NA 0% 
TP5 High - Control NA 0% 
 Low - Control NA 0% 
TP6 High - Control NA 0% 
 Low - Control NA 0% 
TP7 High - Control NA 0% 
 Low - Control NA 0% 
TP8 High - Control 1.33 8.4% 
 Low - Control NA 0% 
TP9 High - Control NA 0% 
 Low - Control NA 0% 
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Table SI-T8. Differentially expressed gene JGI-GO enrichments of NF data, per time-point. 
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Table SI-T9. PGSEA JGI-GO enrichments of NF transcriptomics data, per time-point. Given are the 
class (C=Control, H=High and L=Low), FDR and the name of the JGI-GO. TP2 PGSEA results are 
missing due to too low sample size for enrichment analysis. Color red indicates relatively increased 
gene expression, blue indicates relative reduction in expression. 
 
  

TP3 

N
F

1
C

N
F

1
H

N
F

1
L

GS
1.00e-02 Hormone metabolic process 
1.53e-02 Regulation of protein polymerization 
1.79e-02 Lysine biosynthetic process 
1.79e-02 Lysine metabolic process 
1.00e-02 Diaminopimelate metabolic process 
1.00e-02 Lysine biosynthetic process via diaminopimelate 
1.52e-02 Ras protein signal transduction 
1.00e-02 Small GTPase mediated signal transduction 
1.52e-02 Nuclear-transcribed mRNA catabolic process, deadenylation-dependent decay 
3.48e-03 Activation of protein kinase activity 
4.46e-03 Megagametogenesis 
6.10e-03 Stress-activated protein kinase signaling cascade 
1.00e-02 Pollen development 
1.17e-02 Terpenoid biosynthetic process 
1.00e-02 Establishment of organelle localization 
1.29e-02 Terpenoid metabolic process 
1.40e-02 Carotenoid biosynthetic process 
1.40e-02 Tetraterpenoid biosynthetic process 
1.00e-02 Carotenoid metabolic process 
1.00e-02 Tetraterpenoid metabolic process 
3.48e-03 Glutamine metabolic process 
1.92e-02 Pseudouridine synthesis 
1.27e-03 Embryo sac development 
1.35e-02 RRNA-containing ribonucleoprotein complex export from nucleus 
1.22e-02 Thylakoid membrane organization 
1.22e-02 Plastid membrane organization 
2.13e-04 Regulation of microtubule-based process 
8.00e-03 Second-messenger-mediated signaling 
1.17e-02 Maturation of 5.8S rRNA from tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA
1.92e-02 Transcription by RNA polymerase I 
1.00e-02 Maturation of 5.8S rRNA 
5.69e-04 Motile cilium assembly 
1.53e-02 RRNA methylation 
4.99e-04 Cilium movement involved in cell motility 
3.48e-03 Axonemal dynein complex assembly 
4.20e-04 Axoneme assembly 
7.03e-05 Intraciliary transport 
6.46e-05 Microtubule-based transport 
6.46e-05 Cytoskeleton-dependent intracellular transport 
6.46e-05 Transport along microtubule 

TP1 

C
o
n
tr

o
l

H
ig

h

L
o
w

GS
6.04e-03 Microtubule polymerization or depolymerization 
1.06e-02 Inositol phosphate metabolic process 
1.25e-02 Ammonium transport 
1.37e-02 Glutathione metabolic process 
5.15e-03 Carbohydrate transport 
1.25e-02 Regulation of gene silencing 
1.29e-02 Vacuole organization 
1.43e-02 RRNA base methylation 
1.03e-02 Organelle disassembly 
4.00e-03 Root development 
4.00e-03 Root system development 
1.81e-03 Potassium ion transmembrane transport 
1.81e-03 Cellular potassium ion transport 
1.20e-02 Developmental growth 
1.20e-02 Microtubule organizing center organization 
1.32e-02 RRNA methylation 
5.94e-03 Indolalkylamine metabolic process 
5.94e-03 Tryptophan metabolic process 
1.43e-02 Cellular response to external stimulus 
1.43e-02 Cellular response to extracellular stimulus 
1.03e-02 Regulation of photosynthesis 
1.03e-02 Transcription by RNA polymerase I 
1.16e-02 IMP biosynthetic process 
1.21e-02 Indole-containing compound metabolic process 
1.03e-02 Indole-containing compound biosynthetic process 
1.03e-02 IMP metabolic process 
1.24e-02 Maturation of LSU-rRNA 
1.40e-02 Monocarboxylic acid catabolic process 
4.00e-03 Flavin-containing compound metabolic process 
9.27e-03 Flavin-containing compound biosynthetic process 
1.81e-03 Regulation of microtubule-based process 
3.21e-03 Motile cilium assembly 
1.21e-02 Cytoplasmic translational initiation 
3.80e-03 Cilium movement involved in cell motility 
2.46e-03 Axonemal dynein complex assembly 
1.81e-03 Cytoskeleton-dependent intracellular transport 
3.34e-03 Axoneme assembly 
1.81e-03 Intraciliary transport 
2.80e-03 Microtubule-based transport 
2.80e-03 Transport along microtubule 

C     H    L   

C
o
n
tr

o
l

H
ig

h

L
o
w

GS
6.71e-04 Polyol metabolic process 
1.40e-03 SnRNA processing 
9.28e-04 Microtubule polymerization or depolymerization 
1.15e-03 Deoxyribonucleotide metabolic process 
1.03e-03 Response to heat 
5.86e-05 Reproductive shoot system development 
5.86e-05 Flower development 
1.48e-03 DNA modification 
8.78e-04 Cellular aldehyde metabolic process 
8.78e-04 SnRNA metabolic process 
8.78e-04 Mitochondrial translation 
9.22e-04 Flavin-containing compound biosynthetic process 
5.13e-04 Lipid oxidation 
5.13e-04 Fatty acid oxidation 
5.13e-04 Fatty acid catabolic process 
5.13e-04 Fatty acid beta-oxidation 
7.48e-04 Aromatic amino acid family biosynthetic process 
8.78e-04 Flavin-containing compound metabolic process 
2.64e-04 RRNA-containing ribonucleoprotein complex export from nucleus 
4.27e-04 Diaminopimelate metabolic process 
4.27e-04 Lysine biosynthetic process via diaminopimelate 
1.15e-03 IMP biosynthetic process 
2.64e-04 Nucleobase biosynthetic process 
4.35e-04 Cellular response to phosphate starvation 
1.20e-03 IMP metabolic process 
5.13e-04 Carotenoid metabolic process 
5.13e-04 Tetraterpenoid metabolic process 
7.54e-04 Chloroplast organization 
4.35e-04 Thylakoid membrane organization 
4.35e-04 Plastid membrane organization 
4.27e-04 Motile cilium assembly 
4.11e-04 Terpenoid metabolic process 
4.66e-04 Terpenoid biosynthetic process 
1.51e-04 Cilium movement involved in cell motility 
5.04e-04 Axonemal dynein complex assembly 
5.13e-04 Axoneme assembly 
1.13e-04 Cytoskeleton-dependent intracellular transport 
4.73e-04 Intraciliary transport 
8.78e-04 Microtubule-based transport 
8.78e-04 Transport along microtubule 
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2.12e-04 Regulation of defense response 
2.20e-03 Sulfate transmembrane transport 
2.20e-03 Sulfate transport 
1.33e-03 Cellular modified amino acid biosynthetic process 
6.61e-04 Pteridine-containing compound biosynthetic process 
2.05e-03 Protein localization to chloroplast 
5.12e-04 Response to hydrogen peroxide 
2.20e-03 Sulfur amino acid biosynthetic process 
1.91e-03 Vesicle budding from membrane 
1.58e-03 Organic hydroxy compound catabolic process 
1.78e-03 Potassium ion transmembrane transport 
1.78e-03 Cellular potassium ion transport 
1.33e-03 Alcohol catabolic process 
1.78e-03 Polyol catabolic process 
1.07e-03 Methionine biosynthetic process 
1.78e-03 Branched-chain amino acid metabolic process 
2.20e-03 Flavin-containing compound metabolic process 
1.78e-03 Methionine metabolic process 
3.89e-04 Monocarboxylic acid catabolic process 
1.07e-03 Motile cilium assembly 
1.91e-03 Riboflavin biosynthetic process 
1.91e-03 Riboflavin metabolic process 
7.38e-05 Lipid oxidation 
7.38e-05 Fatty acid oxidation 
7.38e-05 Fatty acid catabolic process 
7.38e-05 Fatty acid beta-oxidation 
2.12e-04 Chloroplast organization 
1.07e-03 Photosynthetic electron transport chain 
1.07e-03 Carotenoid biosynthetic process 
1.07e-03 Tetraterpenoid biosynthetic process 
2.20e-03 Terpenoid metabolic process 
1.58e-03 Formation of cytoplasmic translation initiation complex 
1.07e-03 Terpenoid biosynthetic process 
1.50e-03 Cilium movement involved in cell motility 
1.33e-03 Axonemal dynein complex assembly 
2.22e-04 Axoneme assembly 
1.56e-04 Cytoskeleton-dependent intracellular transport 
1.08e-04 Microtubule-based transport 
1.08e-04 Transport along microtubule 
4.50e-04 Intraciliary transport 
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3.58e-05 Organic cation transport 
1.22e-05 Ammonium transport 
3.55e-05 Nucleotide phosphorylation 
1.22e-05 Drug transmembrane transport 
3.55e-05 Nucleoside diphosphate phosphorylation 
3.55e-05 SnRNA processing 
3.55e-05 Chloroplast organization 
2.52e-05 Pentose-phosphate shunt 
1.85e-05 Transcription by RNA polymerase I 
3.55e-05 Glucose metabolic process 
3.55e-05 Glucose 6-phosphate metabolic process 
2.52e-05 NADP metabolic process 
2.52e-05 Sulfur amino acid metabolic process 
1.75e-05 Purine nucleoside bisphosphate biosynthetic process 
1.75e-05 Ribonucleoside bisphosphate biosynthetic process 
1.75e-05 Nucleoside bisphosphate biosynthetic process 
1.85e-05 Aspartate family amino acid biosynthetic process 
1.85e-05 SnRNA metabolic process 
3.55e-05 Glyceraldehyde-3-phosphate metabolic process 
1.22e-05 Purine nucleoside bisphosphate metabolic process 
1.22e-05 Ribonucleoside bisphosphate metabolic process 
1.22e-05 Nucleoside bisphosphate metabolic process 
3.55e-05 Monosaccharide catabolic process 
3.55e-05 Indolalkylamine metabolic process 
3.55e-05 Tryptophan metabolic process 
4.16e-05 Acyl-CoA metabolic process 
1.87e-05 Polyol catabolic process 
2.52e-05 Indole-containing compound metabolic process 
2.52e-05 Defense response to bacterium 
2.52e-05 Carotenoid metabolic process 
2.52e-05 Tetraterpenoid metabolic process 
1.85e-05 Response to bacterium 
3.55e-05 Terpenoid metabolic process 
1.22e-05 Cilium movement involved in cell motility 
1.22e-05 Axonemal dynein complex assembly 
1.22e-05 Axoneme assembly 
2.52e-05 Cytoskeleton-dependent intracellular transport 
2.52e-05 Intraciliary transport 
3.55e-05 Microtubule-based transport 
3.55e-05 Transport along microtubule 
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9.62e-06 Ammonium transport 
1.17e-05 DNA modification 
1.17e-05 DNA methylation or demethylation 
1.17e-05 DNA methylation 
1.17e-05 DNA alkylation 
6.78e-07 Cofactor transport 
1.17e-05 Cellular response to external stimulus 
1.17e-05 Cellular response to extracellular stimulus 
1.35e-05 Floral organ development 
1.17e-05 Response to hydrogen peroxide 
1.24e-05 Positive regulation of cell cycle 
1.83e-05 Response to auxin 
1.24e-05 Response to antibiotic 
1.80e-05 Purine ribonucleoside diphosphate metabolic process 
1.80e-05 Purine nucleoside diphosphate metabolic process 
1.35e-05 Ribonucleoside diphosphate metabolic process 
1.24e-05 Phyllome development 
1.99e-05 Response to water 
1.99e-05 Response to water deprivation 
9.62e-06 Response to reactive oxygen species 
9.62e-06 Starch biosynthetic process 
1.37e-05 Glutamate metabolic process 
1.17e-05 Monosaccharide catabolic process 
7.51e-06 Starch metabolic process 
1.35e-05 ADP metabolic process 
1.35e-05 ATP generation from ADP 
1.35e-05 Glycolytic process 
4.22e-06 NADP metabolic process 
2.85e-06 Monocarboxylic acid catabolic process 
9.62e-06 Lipid oxidation 
9.62e-06 Fatty acid oxidation 
9.62e-06 Fatty acid catabolic process 
9.62e-06 Fatty acid beta-oxidation 
1.17e-05 Carotenoid metabolic process 
1.17e-05 Tetraterpenoid metabolic process 
1.42e-05 Mitochondrial gene expression 
1.24e-05 Carotenoid biosynthetic process 
1.24e-05 Tetraterpenoid biosynthetic process 
9.62e-06 Response to cytokinin 
1.99e-05 Cellular aldehyde metabolic process 
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1.31e-05 DNA alkylation 
3.97e-06 Regulation of cellular catabolic process 
6.59e-06 Regulation of catabolic process 
1.12e-05 Oligosaccharide biosynthetic process 
6.71e-06 Plant organ morphogenesis 
6.71e-06 Organic hydroxy compound catabolic process 
7.53e-06 Macroautophagy 
9.09e-06 Sulfur amino acid biosynthetic process 
9.37e-06 Response to auxin 
1.12e-05 Phyllome development 
9.40e-06 Exocytosis 
4.83e-07 Process utilizing autophagic mechanism 
4.83e-07 Autophagy 
1.13e-05 Organelle disassembly 
6.71e-06 Regulation of cell proliferation 
7.09e-06 Cell proliferation 
4.06e-06 Starch biosynthetic process 
4.78e-07 Starch metabolic process 
4.06e-06 Branched-chain amino acid metabolic process 
1.14e-05 Cytoskeleton-dependent cytokinesis 
1.14e-05 Mitotic cytokinesis 
3.97e-06 Cytokinesis 
9.18e-06 Cell cycle checkpoint 
6.71e-06 Regulation of mitotic cell cycle phase transition 
6.76e-06 Vacuole organization 
4.78e-07 Autophagosome organization 
4.78e-07 Autophagosome assembly 
1.31e-05 RRNA modification 
4.06e-06 Lipid oxidation 
4.06e-06 Fatty acid oxidation 
4.06e-06 Fatty acid catabolic process 
4.06e-06 Fatty acid beta-oxidation 
4.06e-06 Protein polymerization 
1.14e-05 Chromosome separation 
3.97e-06 Monocarboxylic acid catabolic process 
7.25e-06 Formation of cytoplasmic translation initiation complex 
6.71e-06 DNA strand elongation 
6.71e-06 DNA strand elongation involved in DNA replication 
1.26e-05 Axonemal dynein complex assembly 
5.41e-06 Axoneme assembly 
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2.20e-07 Disaccharide metabolic process 
1.21e-07 Inorganic anion transmembrane transport 
1.45e-07 Transcription by RNA polymerase I 
3.23e-07 Sulfur compound transport 
3.23e-07 Negative regulation of cell cycle phase transition 
2.87e-07 Cellular amine metabolic process 
2.87e-07 Cellular biogenic amine metabolic process 
1.15e-07 Plant-type cell wall biogenesis 
2.06e-07 Meiosis I 
5.99e-08 Macroautophagy 
1.45e-07 Meiosis I cell cycle process 
7.68e-08 Plant-type cell wall organization or biogenesis 
1.21e-07 Positive regulation of cell cycle 
7.56e-08 Branched-chain amino acid biosynthetic process 
2.22e-07 Meiotic chromosome segregation 
4.21e-08 Sulfate transmembrane transport 
4.21e-08 Sulfate transport 
4.21e-08 Response to heat 
9.47e-08 Negative regulation of cell cycle process 
3.23e-07 Neurotransmitter metabolic process 
1.45e-07 Cytoskeleton-dependent cytokinesis 
1.45e-07 Mitotic cytokinesis 
4.21e-08 Cell proliferation 
1.15e-07 Chromosome organization involved in meiotic cell cycle 
4.21e-08 Process utilizing autophagic mechanism 
4.21e-08 Autophagy 
4.21e-08 Chromosome condensation 
1.12e-07 Cytokinesis 
2.22e-07 Negative regulation of mitotic cell cycle 
1.63e-07 Mitotic cell cycle checkpoint 
3.23e-07 Negative regulation of cellular component organization 
3.23e-07 Negative regulation of organelle organization 
9.47e-08 Branched-chain amino acid metabolic process 
4.21e-08 Meiotic nuclear division 
2.37e-07 Cell cycle checkpoint 
3.00e-09 Alpha-amino acid catabolic process 
3.23e-07 Vacuole organization 
1.60e-07 Autophagosome organization 
1.60e-07 Autophagosome assembly 
6.30e-08 Spindle organization 
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Table SI-T10. maSigPro time-profile JGI-GO enrichments of NF transcriptomics data, per time-point. 
Given are the class (C=Control, H=High and L=Low), FDR and the name of the JGI-GO. TP2 PGSEA 
results are missing due to too low sample size for enrichment analysis. 
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Table SI-T11. KEGG pathways significantly enriched by genes in NF experiment maSigPro 
“Cluster01”, along their FDR value. 

  

Table SI-T12. KEGG pathways significantly enriched by genes in NF experiment maSigPro 
“Cluster03”, along their FDR value. 
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Table SI-T13. KEGG pathways significantly enriched by genes in NF experiment maSigPro 
“Cluster05”, along their FDR value. 

Table SI-T14. KEGG pathways significantly enriched by genes in NF experiment maSigPro 
“Cluster03”, along their FDR value. 
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Table SI-T15. KEGG pathways significantly enriched by genes in NF experiment maSigPro 
“Cluster02” or “Cluster06”, along their FDR value. 
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Table SI-T16. Analysis report of metaboClust time-profile clustering – CB 

Cluster assignments – Lipidomics, negative ion mode (see Fig. SI-50) 

• Cluster 0 (Insignificant): 4672 spectral peaks 
• Cluster 1: 15 spectral peaks 
• Cluster 2: 35 spectral peaks 
• Cluster 3: 20 spectral peaks 
• Cluster 4: 11 spectral peaks 
• Cluster 5: 15 spectral peaks 
• Cluster 6: 9 spectral peaks 
• Cluster 7: 5 spectral peaks 
• Cluster 8: 18 spectral peaks 
• Cluster 9: 2 spectral peaks 

 

Cluster assignments – Metabolomics, positive ion mode (see Fig. SI-51) 

• Cluster 0 (Insignificant): 5329 spectral peaks 
• Cluster 1: 24 spectral peaks 
• Cluster 2: 60 spectral peaks 
• Cluster 3: 11 spectral peaks 
• Cluster 4: 44 spectral peaks 
• Cluster 5: 55 spectral peaks 
• Cluster 6: 58 spectral peaks 
• Cluster 7: 26 spectral peaks 
• Cluster 8: 21 spectral peaks 
• Cluster 9: 3 spectral peaks 

 

Cluster assignments – Metabolomics, negative ion mode (see Fig. SI-52) 

• Cluster 0 (Insignificant): 3601 spectral peaks 
• Cluster 1: 49 spectral peaks 
• Cluster 2: 16 spectral peaks 
• Cluster 3: 5 spectral peaks 
• Cluster 4: 4 spectral peaks 
• Cluster 5: 3 spectral peaks 
• Cluster 6: 10 spectral peaks 
• Cluster 7: 6 spectral peaks 
• Cluster 8: 3 spectral peaks 
• Cluster 9: 4 spectral peaks 
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Table SI-T17. Analysis report of maSigPro time-profile clustering – CB experiment 

• Number of total features: 17943 
• Number of filtered features: 627 
• Number of features after filtering: 17316 
• Number of analyzed samples: 79/79 
• Differentially expressed features identified (FDR <0.05): 15520 
• Significant features (R-squared >0.7) according to the selection procedure: 

o All significant features: 4091 
o Significant features for each experimental group  

§ Control: 4069 
§ High vs Control: 2485 
§ Low vs Control: 2146 

o Significant features for each regression variable: 
§ Start_Low: 1264 
§ Start_High: 1585 
§ Start_Control: 3764 
§ Linear_Low: 1348 
§ Linear_High: 1530 
§ Linear_Control: 3325 
§ Curved_Low: 1307 
§ Curved_High: 1173 
§ Curved_Control: 3213 

• Cluster memberships in time-profile clustering 
o Cluster 1: 639 
o Cluster 2: 181 
o Cluster 3: 649 
o Cluster 4: 944 
o Cluster 5: 585 
o Cluster 6: 699 
o Cluster 7: 111 
o Cluster 8: 164 
o Cluster 9: 119 

  



 

 
- 263 - 

Table SI-T18. Differentially expressed gene JGI-GO enrichments of CB data, per time-point. 
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Table SI-T19. PGSEA JGI-GO enrichments of CB transcriptomics data, per time-point. Given are 
the class (C=Control, H=High and L=Low), FDR and the name of the JGI-GO. TP1 and TP5 PGSEA 
results are missing due to too low sample size for enrichment analysis. Color red indicates relatively 
increased gene expression, blue indicates relative reduction in expression. 
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1.63e-02 Polyol metabolic process 
1.07e-02 NAD metabolic process 
1.57e-02 Recombinational repair 
1.22e-02 RRNA base methylation 
1.50e-02 Regulation of anatomical structure size 
1.50e-02 Regulation of cellular component size 
3.66e-03 Polyol catabolic process 
1.50e-02 Transcription initiation from RNA polymerase II promoter 
1.57e-02 Exocytic process 
1.57e-02 Vesicle docking involved in exocytosis 
1.22e-02 Protein N-linked glycosylation 
2.08e-03 Alcohol catabolic process 
1.57e-02 Regulation of pH 
1.50e-02 Monovalent inorganic cation homeostasis 
1.50e-02 Regulation of intracellular pH 
1.50e-02 Regulation of cellular pH 
1.57e-02 Alpha-amino acid catabolic process 
1.50e-02 Cellular monovalent inorganic cation homeostasis 
1.22e-02 Branched-chain amino acid metabolic process 
1.50e-02 Glutamate metabolic process 
1.50e-02 Lipid oxidation 
1.50e-02 Fatty acid oxidation 
1.50e-02 Fatty acid catabolic process 
1.50e-02 Fatty acid beta-oxidation 
1.07e-02 RRNA methylation 
2.60e-04 Organic hydroxy compound catabolic process 
6.17e-03 RNA polymerase II preinitiation complex assembly 
3.66e-03 RRNA modification 
1.15e-02 Transcription preinitiation complex assembly 
4.21e-03 Purine nucleoside bisphosphate metabolic process 
4.21e-03 Ribonucleoside bisphosphate metabolic process 
4.21e-03 Nucleoside bisphosphate metabolic process 
1.50e-02 Monocarboxylic acid catabolic process 
1.50e-02 Tricarboxylic acid metabolic process 
1.22e-02 Citrate metabolic process 
1.22e-02 Tricarboxylic acid cycle 
1.57e-02 Maturation of 5.8S rRNA from tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA
6.35e-03 Cleavage involved in rRNA processing 
1.17e-02 Maturation of 5.8S rRNA 
1.57e-02 Proteasomal ubiquitin-independent protein catabolic process 
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1.65e-02 Spindle organization 
8.27e-03 DNA integrity checkpoint 
7.21e-03 Retrograde transport, endosome to Golgi 
6.23e-03 Branched-chain amino acid metabolic process 
6.23e-03 Pigment catabolic process 
1.10e-02 Regulation of catabolic process 
1.65e-02 Glutathione metabolic process 
1.36e-02 Cytosolic transport 
5.13e-03 Tetrapyrrole catabolic process 
5.13e-03 Porphyrin-containing compound catabolic process 
9.00e-03 NAD metabolic process 
7.68e-03 DNA damage checkpoint 
6.23e-03 Neurotransmitter metabolic process 
9.46e-03 Regulation of neurotransmitter levels 
1.33e-02 Transcription by RNA polymerase III 
1.65e-02 NADP metabolic process 
1.65e-02 Macroautophagy 
6.23e-03 Organelle localization by membrane tethering 
6.23e-03 Vesicle docking 
6.23e-03 Membrane docking 
5.13e-03 RRNA methylation 
8.28e-03 Autophagosome organization 
8.28e-03 Autophagosome assembly 
1.36e-02 Thioester metabolic process 
1.36e-02 Acyl-CoA metabolic process 
1.10e-02 Cofactor catabolic process 
1.65e-02 Double-strand break repair via homologous recombination 
7.68e-03 Nucleobase catabolic process 
7.68e-03 Purine nucleoside bisphosphate metabolic process 
7.68e-03 Ribonucleoside bisphosphate metabolic process 
7.68e-03 Nucleoside bisphosphate metabolic process 
3.94e-03 Alpha-amino acid catabolic process 
7.68e-03 Process utilizing autophagic mechanism 
7.68e-03 Autophagy 
5.13e-03 RRNA modification 
1.36e-02 Lipid oxidation 
1.36e-02 Fatty acid oxidation 
1.36e-02 Fatty acid catabolic process 
1.36e-02 Fatty acid beta-oxidation 
6.23e-03 Monocarboxylic acid catabolic process 
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7.71e-03 Mitotic cell cycle checkpoint 
3.35e-03 Sulfate transmembrane transport 
3.35e-03 Sulfate transport 
6.20e-03 Sulfur compound transport 
5.87e-03 Branched-chain amino acid biosynthetic process 
5.21e-03 Polyol metabolic process 
5.21e-03 Acyl-CoA biosynthetic process 
5.21e-03 Thioester biosynthetic process 
4.64e-03 Polyol biosynthetic process 
8.07e-04 Glutathione metabolic process 
6.62e-03 Glucose metabolic process 
3.11e-03 Purine nucleoside bisphosphate biosynthetic process 
3.11e-03 Ribonucleoside bisphosphate biosynthetic process 
3.11e-03 Nucleoside bisphosphate biosynthetic process 
1.38e-03 Potassium ion transmembrane transport 
1.38e-03 Cellular potassium ion transport 
6.53e-03 NADP metabolic process 
4.45e-03 Thioester metabolic process 
4.45e-03 Acyl-CoA metabolic process 
4.78e-03 Response to reactive oxygen species 
5.11e-04 Cofactor catabolic process 
5.50e-03 Carotenoid metabolic process 
5.50e-03 Tetraterpenoid metabolic process 
6.30e-03 Reactive oxygen species metabolic process 
1.38e-03 Purine nucleoside bisphosphate metabolic process 
1.38e-03 Ribonucleoside bisphosphate metabolic process 
1.38e-03 Nucleoside bisphosphate metabolic process 
4.64e-03 Carotenoid biosynthetic process 
4.64e-03 Tetraterpenoid biosynthetic process 
7.71e-03 Protein targeting to peroxisome 
5.11e-04 Peroxisome organization 
7.71e-03 Terpenoid metabolic process 
6.62e-03 Terpenoid biosynthetic process 
7.71e-03 Fatty acid catabolic process 
7.71e-03 Fatty acid beta-oxidation 
7.71e-03 Formation of cytoplasmic translation initiation complex 
3.78e-03 Cilium movement involved in cell motility 
4.64e-03 Axonemal dynein complex assembly 
6.95e-03 Axoneme assembly 
5.21e-03 Cytoskeleton-dependent intracellular transport 
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7.24e-04 Autophagosome organization 
7.24e-04 Autophagosome assembly 
3.47e-03 Positive regulation of cell cycle 
3.47e-03 Amino acid transmembrane transport 
3.00e-03 Cofactor transport 
1.49e-03 Amino acid transport 
3.81e-03 Divalent inorganic cation homeostasis 
1.49e-03 Organic cation transport 
2.92e-03 Steroid metabolic process 
1.49e-03 Sodium ion transport 
1.49e-03 Carboxylic acid transmembrane transport 
1.49e-03 Organic acid transmembrane transport 
3.47e-03 Embryo sac development 
5.22e-06 Thioester metabolic process 
5.22e-06 Acyl-CoA metabolic process 
8.40e-04 Alpha-amino acid catabolic process 
1.49e-03 Potassium ion transmembrane transport 
1.49e-03 Cellular potassium ion transport 
5.72e-04 Purine nucleoside bisphosphate metabolic process 
5.72e-04 Ribonucleoside bisphosphate metabolic process 
5.72e-04 Nucleoside bisphosphate metabolic process 
9.71e-04 Sodium ion transmembrane transport 
1.49e-03 Acetyl-CoA metabolic process 
7.24e-04 Acyl-CoA biosynthetic process 
7.24e-04 Thioester biosynthetic process 
2.37e-03 Purine nucleoside bisphosphate biosynthetic process 
2.37e-03 Ribonucleoside bisphosphate biosynthetic process 
2.37e-03 Nucleoside bisphosphate biosynthetic process 
1.88e-04 Branched-chain amino acid metabolic process 
3.47e-03 Branched-chain amino acid biosynthetic process 
4.34e-04 Citrate metabolic process 
4.34e-04 Tricarboxylic acid cycle 
4.34e-04 Tricarboxylic acid metabolic process 
8.40e-04 Cilium movement involved in cell motility 
2.73e-04 Axonemal dynein complex assembly 
1.81e-05 Axoneme assembly 
8.26e-04 Cytoskeleton-dependent intracellular transport 
2.33e-03 Intraciliary transport 
2.30e-03 Microtubule-based transport 
2.30e-03 Transport along microtubule 
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3.38e-03 Positive regulation of phosphate metabolic process 
3.38e-03 Positive regulation of phosphorylation 
3.38e-03 Positive regulation of phosphorus metabolic process 
6.38e-03 Positive regulation of kinase activity 
4.89e-03 Activation of protein kinase activity 
5.74e-03 Stress-activated protein kinase signaling cascade 
8.12e-03 Calcium ion homeostasis 
7.70e-03 Divalent inorganic cation homeostasis 
5.27e-03 Glutamine metabolic process 
5.74e-03 Mismatch repair 
8.12e-03 Organelle localization by membrane tethering 
8.12e-03 Vesicle docking 
8.12e-03 Membrane docking 
5.30e-04 Potassium ion transmembrane transport 
5.30e-04 Cellular potassium ion transport 
5.74e-03 Response to high light intensity 
9.38e-03 MRNA cleavage 
2.91e-03 Sodium ion transmembrane transport 
9.10e-03 Sulfate transmembrane transport 
9.10e-03 Sulfate transport 
3.90e-03 Regulation of photosynthesis 
4.84e-03 Starch metabolic process 
3.38e-03 Monosaccharide catabolic process 
1.69e-03 Photosynthetic electron transport chain 
3.60e-03 Sodium ion transport 
7.58e-03 Starch biosynthetic process 
2.50e-03 Exocytic process 
2.50e-03 Vesicle docking involved in exocytosis 
3.38e-03 Maturation of 5.8S rRNA 
3.47e-03 TRNA wobble uridine modification 
8.81e-03 Regulation of generation of precursor metabolites and energy 
2.36e-03 Response to light intensity 
8.98e-03 RRNA methylation 
4.27e-03 Maturation of 5.8S rRNA from tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA
2.36e-03 TRNA wobble base modification 
8.81e-03 Response to cytokinin 
2.36e-03 Carbon fixation 
2.91e-03 Cilium movement involved in cell motility 
5.74e-03 Axonemal dynein complex assembly 
2.50e-03 Axoneme assembly 
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1.60e-03 Regulation of cellular protein localization 
2.28e-03 Cellular modified amino acid biosynthetic process 
1.10e-03 Ammonium transport 
1.85e-03 GPI anchor biosynthetic process 
1.85e-03 GPI anchor metabolic process 
1.40e-03 Sulfate transmembrane transport 
1.40e-03 Sulfate transport 
2.07e-03 Monosaccharide biosynthetic process 
1.10e-03 Regulation of alternative mRNA splicing, via spliceosome 
2.57e-03 Regulation of cellular catabolic process 
1.84e-03 Carbohydrate derivative catabolic process 
1.67e-03 Alternative mRNA splicing, via spliceosome 
1.10e-03 Regulation of membrane potential 
1.84e-03 Regulation of mRNA splicing, via spliceosome 
2.73e-05 Potassium ion transmembrane transport 
2.73e-05 Cellular potassium ion transport 
1.40e-03 Neurotransmitter metabolic process 
1.10e-03 Sodium ion transmembrane transport 
1.10e-03 Sodium ion transport 
1.39e-03 Regulation of RNA splicing 
1.10e-03 Cellular response to topologically incorrect protein 
1.85e-03 DNA strand elongation 
1.85e-03 DNA strand elongation involved in DNA replication 
1.67e-03 Cellular response to unfolded protein 
8.00e-04 Cell growth 
1.10e-03 Nucleobase biosynthetic process 
1.40e-03 Carbon fixation 
2.57e-03 Arginine biosynthetic process 
1.10e-03 Response to heat 
1.44e-03 Cellular response to heat 
8.00e-04 Heme biosynthetic process 
8.00e-04 Heme metabolic process 
1.10e-03 Motile cilium assembly 
1.10e-03 Cilium movement involved in cell motility 
1.10e-03 Axonemal dynein complex assembly 
1.67e-03 Cytoskeleton-dependent intracellular transport 
1.27e-03 Axoneme assembly 
1.67e-03 Microtubule-based transport 
1.67e-03 Transport along microtubule 
1.10e-03 Intraciliary transport 
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2.50e-02 Lipid homeostasis 
2.49e-02 Positive regulation of protein polymerization 
3.10e-02 GPI anchor biosynthetic process 
3.10e-02 GPI anchor metabolic process 
3.10e-02 Drug transmembrane transport 
2.44e-02 Phosphatidylinositol biosynthetic process 
2.30e-02 Regulation of translational fidelity 
2.30e-02 Lagging strand elongation 
2.50e-02 Aminoacyl-tRNA metabolism involved in translational fidelity 
3.10e-02 MRNA cleavage 
2.50e-02 Response to water 
2.50e-02 Response to water deprivation 
3.10e-02 Indolalkylamine metabolic process 
3.10e-02 Tryptophan metabolic process 
3.10e-02 Cellular biogenic amine metabolic process 
3.10e-02 Maturation of 5.8S rRNA 
2.17e-02 Protein polymerization 
2.50e-02 Photosynthetic electron transport chain 
2.44e-02 Regulation of microtubule-based process 
2.30e-02 Maturation of 5.8S rRNA from tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA
2.30e-02 DNA strand elongation 
2.30e-02 DNA strand elongation involved in DNA replication 
2.17e-02 Microtubule polymerization 
2.30e-02 Spliceosomal snRNP assembly 
2.17e-02 Microtubule polymerization or depolymerization 
2.76e-02 Photosystem II assembly 
3.10e-02 Fatty acid catabolic process 
3.10e-02 Fatty acid beta-oxidation 
2.50e-02 Aromatic amino acid family biosynthetic process 
2.30e-02 Protein targeting to membrane 
2.50e-02 SRP-dependent cotranslational protein targeting to membrane 
2.50e-02 Cotranslational protein targeting to membrane 
3.10e-02 Formation of cytoplasmic translation initiation complex 
2.30e-02 Cilium movement involved in cell motility 
2.30e-02 Axonemal dynein complex assembly 
2.30e-02 Cytoskeleton-dependent intracellular transport 
2.50e-02 Axoneme assembly 
2.50e-02 Intraciliary transport 
2.50e-02 Microtubule-based transport 
2.50e-02 Transport along microtubule 

TP9 

Table SI-T20. KEGG pathways significantly enriched by genes in CB experiment maSigPro 
“Cluster01” or “Cluster03”, along their FDR value. KEGG pathways with enrichment FDR>0.05 
are marked red. 
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Table SI-T21. KEGG pathways significantly enriched by genes in CB experiment maSigPro 
“Cluster02” or “Cluster07”, along their FDR value.  

Table SI-T22. KEGG pathways significantly enriched by genes in CB experiment maSigPro 
“Cluster04” along their FDR value. 

Table SI-T23. KEGG pathways significantly enriched by genes in CB experiment maSigPro 
“Cluster06” along their FDR value. 
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