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Abstract 

 

The ongoing developments in chemical risk assessment have led to new concepts 

building on integration of sophisticated non-animal models for hazard characterization. 

Here we explore a pragmatic approach for implementing such concepts, using a case 

study of three triazole fungicides, i.e. flusilazole, propiconazole, and cyproconazole. The 

strategy applied starts with evaluating the overall level of concern by comparing 

exposure estimates to toxicological potential, followed by a combination of in silico tools 

and literature-derived high-throughput screening assays and computational 

elaborations to obtain insight into potential toxicological mechanisms and targets in the 

organism. Additionally, some targeted in vitro tests were evaluated for their utility to 

confirm suspected mechanisms of toxicity and to generate point of departures. 

Toxicological mechanisms instead of the current 'endpoint-by-endpoint' approach 

should guide the selection of methods and assays that constitute a toolbox for next 

generation risk assessment. Comparison of the obtained in silico and in vitro results with 

data from traditional in vivo testing revealed that, overall, non-animal methods for 

hazard identification can produce adequate qualitative hazard information for risk 

assessment. Follow-up studies are needed to further refine the proposed approach, 

including the composition of the toolbox, toxicokinetics models and models for exposure 

assessment.  
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1. Introduction 

 

Advancing methodologies used for chemical risk assessment, both for man and 

environment, is required because risk assessors face increasing numbers of chemicals to 

assess, while society demands reduced animal testing without compromising safe(r) use 

of chemicals1-7. In that perspective, new concepts for risk assessment such as ‘Toxicity 

testing in the 21st century”1, 8 and “Risk Assessment in the 21st Century”2, 6 have been 

proposed. The commonality in these concepts is that next generation risk assessment of 

chemicals should be based on more accurate and more complete exposure data on 

individuals and populations. The exposure estimates should be combined with 

improved non-animal methods, i.e. new approach methodologies (NAMs), to predict 

toxicity by incorporating state-of-the-art technologies and computational tools that are 

based on advanced understanding of mechanisms of toxicity. The latter would enable 

identification of activated toxicological pathways that possibly lead to adverse effects for 

man and environment with higher throughput. 

 

To elaborate further on this path, we explored how existing tools could be applied in a 

pragmatic strategy, focusing on the first step in hazard assessment, i.e. hazard 

identification. The proposed strategy was evaluated in a case study comprising three 

chemically related fungicides, which were selected because of relevance in view of 

dietary exposure of the general population given their use in agriculture, and because of 

abundant availability of toxicological background information9-11. The strategy for 

hazard identification comprises in silico tools combined with high-throughput in vitro 

screening (HTS) assays to predict toxicological effects. The resulting information guides 

the selection of targeted in vitro assays as follow-up to confirm (or reject) suggested 

activated toxicological pathways and their associated adverse effects. To support the 

relevance of the exercise, potential exposure, bioavailability, and initial concern were 

also estimated. The validity of the pragmatic strategy used in this case study was 

assessed by comparing the data obtained with traditional in vivo toxicity testing. The 

remaining needs to complete and further advance methodologies used for chemical risk 

assessment are discussed. 
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2. Methodology 

 

2.1. Chemicals 

The fungicides selected for this case study were flusilazole (CAS RN 85509-19-9), 

propiconazole (CAS RN 60207-90-1) and cyproconazole (CAS RN 52918-63-5). 

Simplified molecular input line entry system (SMILES) notations were obtained from the 

PubChem repository (https://pubchem.ncbi.nlm.nih.gov). Both the SMILES notations 

and 2D chemical structures are given in Table 1.  

 

Table 1. Identifiers of chemical structure for the three selected triazole fungicides 

Name CAS RN SMILES code and 2D chemical structure representation 

Cyproconazole  94361-06-5 CC(C1CC1)C(CN2C=NC=N2)(C3=CC=C(C=C3)Cl)O 

 

Flusilazole  85509-19-9 C[Si](CN1C=NC=N1)(C2=CC=C(C=C2)F)C3=CC=C(C=C3)F 

 

Propiconazole 60207-90-1 CCCC1COC(O1)(CN2C=NC=N2)C3=C(C=C(C=C3)Cl)Cl 

 

 

2.2. TTC 

For the purpose of determining a Toxicological Threshold of Concern (TTC), a Cramer 

toxicity class was assigned based on chemical structure of the three substances using the 

ToxTree software (version 2.6.13, http://toxtree.sourceforge.net/) and the OECD QSAR 

Toolbox (version 3.4, http://www.oecd.org/chemicalsafety/risk-

assessment/theoecdqsartoolbox.htm). Evaluation of DNA reactivity potential of the 

triazole fungicides was performed using the “Carcinogenicity and mutagenicity rulebase 
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by ISS” which is implemented in both software tools. A TTC plot was created using the 

RISK21 Webtool2, 6. TTC values were compared with initial exposure estimates, which 

were derived as explained in Supplementary Table S1. 

 

2.3. Bioavailability 

To obtain indications on the bioavailability of the three case study substances the 

Lipinski rule of five was applied, which considers basic criteria for absorption, 

distribution, metabolism and excretion (ADME), i.e. number of hydrogen bond donors 

(nitrogen–hydrogen and oxygen–hydrogen bonds), hydrogen bond acceptors (nitrogen 

or oxygen atoms), molecular mass, and the octanol-water partition coefficient12. 

 

2.4. In silico approaches 

To obtain predictions of toxicological potential based on structure-activity relationships 

(SARs), the three fungicides were screened using profiles of structure based alerts in the 

OECD QSAR Toolbox and in the Derek Nexus software13 that are relevant for human 

health toxicological endpoints. For this, SMILES notations representing the chemical 

structures were used as input (Table 1). The two software packages cover a broad range 

of toxicity endpoints and have relatively extensive documentation of the mechanistic 

background to the structure based toxicological alerts. Additional models would 

probably not provide additional mechanistic information and could lead to an increase 

of false positive calls. The presence of any alert was interpreted as a positive prediction 

for the specific toxicological endpoint. Validity of the raised alerts was evaluated by 

examining the substance containing the alert in relevant experimental toxicity databases 

present in the OECD QSAR Toolbox.  

 

2.5. High-throughput in vitro screening 

To identify all studies investigating toxicity/prediction models based on HTS data the 

PubMed database was searched using the following free text inclusion terms: "high 

throughput", "tox21", "toxcast", "predict*", as single or combined search terms. Non-

ToxCast/Tox21 assays were searched by combining “high throughput” and/or 

“computational” with specific terms, i.e. “liver”, “kidney”, “neuro*”, “estrog*”, “endocr*”, 

“aromatase”, “mutage*”, “carcinoge*”, “cyp450”, ”metabolism”, “obesity”, “skin 

sensitisation”, “mitochondr*”, “developmen*”, and “zebrafish”. Search results were 
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further limited by restricting searches to publication titles, or by combining with further 

search terms, notably "tox*", “computational”, and “vitro/cells”, or use of exclusion 

terms, notably "clinical" and “therapy”. Searches were performed until May 2019. This 

search strategy produced 507 records, which were screened manually for original 

(computational) analysis of (batteries of) high-throughput assays indicative or 

predictive of toxicological effects of the three case compounds, limiting the search to 33 

publications to evaluate in detail. Thus, HTS data were mainly (but not exclusively) 

derived from U.S. EPA’s ToxCast/Tox21 cell-free and cultured cell-based assays14-16.  

 

To complement data for endpoints which were scarcely represented in the retrieved 

studies, the three case study compounds were additionally tested in a high-throughput 

method for nephrotoxicity testing and the ToxTracker® assay for genotoxicity 

screening. The nephrotoxicity test predicts renal proximal tubular cell (PTC) toxicity in 

humans and was conducted as previously described17, with some methodological 

amendments. In brief, human primary PTCs (ATTC, Manassas, VA, USA), pooled from 

three donors, were exposed to seven different concentrations (n=4 per concentration) of 

42 reference compounds, 3 case study and 3 clinically used azole control chemicals 

(Supplementary Table S2). All experiments were conducted in the presence of 

appropriate negative, vehicle and positive controls. The highest tested concentration in 

this study was 800 μM, which was also used for reconducted selection of predictive 

phenotypic features. The model had its prediction boundary retrained by using the 42 

reference chemicals (Supplementary Table S2, Reference Compounds) and is based on 

six DNA and γH2AX phenotypic features at the nuclear region, measured from cellular 

images (Supplementary Table S2, columns D-I)17, 18, and cytotoxicity, using a support 

vector machine (SVM). The retrained model had a test sensitivity of 74% and specificity 

of 89.5% (test balanced accuracy 81.75%) with respect to the 42 reference chemicals 

(Supplementary Table S2, columns J-K). It was applied to the case study substances and 

the three azole controls (fluconazole, voriconazole and ketoconazole), which do not have 

major reported human nephrotoxicity. 

For the ToxTracker® assay, which is considered a medium-throughput assay, mouse 

embryonic stem cell reporter lines were generated as previously described19, 20. The cell 

lines were exposed to five different concentrations in 2-fold dilutions of each case study 

chemical for 24h in gelatin-coated 96-well plates. Exposure concentrations were 
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determined by a viability assay in which the relative cell survival was calculated as the 

ratio of intact treated cells versus untreated cells, as determined by flow cytometry. The 

highest concentration tested induced >50% cytotoxicity, and gene expression results 

>75% cytotoxicity (only propiconazole) were rejected. After 24 h exposure, cells were 

washed with phosphate buffered saline (PBS), trypsinized and resuspended in PBS + 2% 

FCS, immediately followed by detection of the GFP reporters by flow cytometry (Guava 

easyCyte 6HT, EMD Millipore). Reporter activity was determined as the mean 

fluorescence intensity of 5000 intact cells. Activation of a reporter cell line was 

considered positive when exposure to a compound resulted in >2-fold induction of GFP 

expression. Substances inducing a 1.5–2 fold change are considered as equivocal. Three 

independent experiments were performed per test chemical. Cisplatin served as positive 

control for induction of DNA damage. 

 

2.6. Confirmative assays 

Alerts for specific toxicological effects raised by the above methods were further 

explored through a literature search using search terms combining that specific effect 

with the fungicide name in case but excluding in vivo studies. 

 

2.7. In vivo reference data 

As a reference for relevant information on the toxicological potential of the three 

fungicides, available assessment reports from the Joint FAO/WHO Meeting on Pesticide 

Residues (JMPR) were used9-11. 

 

2.8. Potency comparison of toxicity prediction models and in vivo reference data 

To enable semi-quantitative comparison of predictions from HTS-based computational 

models (ToxCast/Tox21 prediction models and other single screens combined) with in 

vivo data, the rankings, scores, and AC50s from the toxicity prediction models used for 

parameterization of substance activity were scaled to scores. Grades in the compound 

columns are thus based on averages of the potency scores of n models contained in the 

toxicological domain, ranging from +++ for strong and - for absent activity (with 

corresponding color grading from intense to white). See Supplementary Table S3 for 

scores per model and translation to grades. 
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3. Results 

 

The aim of the present case study was to evaluate a pragmatic strategy using NAMs for 

hazard identification. The case study comprised the following steps (Figure 1): i) 

prioritization based on potential exposure and toxicological concern; ii) assessment of 

likelihood of internal exposure;  iii) hazard identification using in silico tools and HTS 

assays; iv) examples of  targeted in vitro assays to confirm and quantify toxicological 

effects; and v) verification by comparing the findings obtained with traditional in vivo 

toxicity testing. To serve as guide to the case study description, the results for each step 

for the case study compounds is depicted in Figure 1.  

 

 

Figure 1. The steps taken in the case study with the fungicides flusilazole (F), 

propiconazole (P) and cyproconazole (C) to explore practical application of Next 

Generation Hazard Assessment methods for human health. 
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3.1 Prioritization of chemicals  

As a first step to support the relevance of hazard assessment of the study compounds, 

the TTC (Threshold of Toxicological Concern) was used as a general approximation of 

toxicological potential. Since flusilazole is an organo-silicon compound for which no 

reference is represented in the databases underlying the TTC, it should be considered as 

fulfilling one of the exclusion rules for the application of the TTC concept. This is 

explicitly mentioned by e.g. EFSA evaluations of the TTC concept (section 7.6, first 

exclusion criterion: “not recommended for the following categories of chemicals: 

compounds not adequately covered in the database (…) and organo-silicon 

compounds….”)21. Both the ToxTree and the OECD QSAR Toolbox software tools 

assigned the two remaining triazoles to Cramer Class III, which has the associated 

threshold of 1.5 μg/kg body weight (bw)/day21. Implementation of the ISS rulebase in 

the OECD QSAR Toolbox led to an alert for genotoxic carcinogenicity/mutagenicity for 

both substances. Inspection of the background information given with the hydrazine 

alert in the various QSAR Toolbox genotoxicity profiles revealed that this resulted from 

an interpretation of the N-N bond embedded in the triazole ring of the three fungicides, 

which was incorrectly assumed to be aliphatic and acyclic to allow metabolic activation 

to genotoxic substances. The threshold did therefore not change. Estimated exposures of 

the two study compounds to which the TTC could be applied were in the range of 9.4-

61.4 and 0.7-4.7 µg/kg bw/day for propiconazole and cyproconazole, respectively 

(Supplementary Table S1). Cyproconazole and propiconazole thus appeared to exceed 

the Cramer class III threshold (Figure 2) and were therefore considered of sufficient 

concern to warrant further evaluation (Figure 1).  
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Figure 2. TTC plot, 

using chronic 

exposure estimates 

for Dutch children 

(Supplementary 

Table S1) and the 

Cramer Class III TTC 

value of 1.5 μg/kg 

bw/day. 

 

 

 

 

 
 
Table 2. Estimation of bioavailability 

 Flusilazole  Cyproconazole                   Propiconazole 

 
Bioavailability (Lipinski) 

Log Kow <5 <5 <5 

MW <500 <500 <500 

Hydrogen bond donors <5 <5 <5 

Hydrogen bond acceptors <10 <10 <10 

Conclusion bioavailable bioavailable bioavailable 

 
OECD QSAR Toolbox screening of toxicokinetic relevant properties 

Metabolism slow moderate moderate 

Half-life (days)2 months days days 

Ionization pH1 90-100% 90-100% 90-100% 

Ionization pH7.4 0% 0% 0% 

Protein binding no alerts no alerts no alerts 

DPRA1 Cys <9% <9% <9% 

DPRA Lys <9% <9% <9% 

Hydrolysis no no no 
1DPRA, Direct Peptide Reactivity Assay tested with Cys- and Lys-peptide; <9% means no binding 
predicted. 2Output of the toolbox specifically relates to fish, and can be considered as a general 
approximation. 
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Additionally, a qualitative estimate of bioavailability was made to further feed a decision 

to proceed with the assessment. Based on estimates for criteria for ADME (Table 2), all 

three substances can be considered “bioavailable”, and do not seem to undergo rapid 

metabolism which might lead to detoxification. Binding and/or reactivity towards 

proteins can lead to lower free blood concentrations than expected for a completely 

bioavailable substance. All three substances do not have alerts for protein binding, and 

the reactivity towards Cysteine as well as Lysine peptide residues as measured in the 

OECD TG442c Direct Peptide Reactivity Assay is predicted to be insignificant (below 9% 

depletion/24hrs). Protein binding or reactivity is therefore not expected to lower 

bioavailability of these conazoles. Taken together, there were no indications for issues 

limiting the internal availability of the case study compounds (see Figure 1). 

 

3.2 In silico models for toxicity prediction  

Useful in silico data for prediction of possible toxic effects may range from (Q)SAR 

predictions to results from read-across approaches. Structure-based toxicological alerts 

identified by the OECD QSAR Toolbox profiles and the Derek Nexus software (Table 3) 

are used here as an indicator of potential toxicological concerns and described below.  

The OECD QSAR Toolbox identified an alert for endocrine disruption only for 

flusilazole. Alerts for endocrine disruption were not identified by any of the other 

endocrine related profiles nor by the thyroid or developmental toxicity endpoint in 

Derek Nexus. The OECD QSAR Toolbox identified an alert for developmental and 

reproductive toxicity for all three substances based on similarity to triazoles (all) and 

polyhalogenated benzenes (propiconazole)22. An alert was identified for hepatotoxicity 

by Derek Nexus for all three case compounds because of structural similarity to 

phenylethyltriazoles. Furthermore, flusilazole was recognized by Derek Nexus as an 

organo-silicon substance, a feature that is also associated with hepatotoxicity. The 

“phenylalkyltriazole” alert, which has been linked to hepatotoxicity, has also been 

shown to correlate with adrenal gland toxicity.  

The OECD QSAR Toolbox identified closely related alerts for non-genotoxic 

carcinogenicity for both cyproconazole and flusilazole (halogenated benzene and 

halogenated PAH, respectively). The alert was not identified in propiconazole as 1,3-

dichlorinated benzenes are explicitly excluded from the halogenated benzenes in this 
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specific profile. The U.S. EPA OncoLOGIC primary classification profile, included in the 

OECD QSAR toolbox, does not make this distinction and classifies both propiconazole 

and cyproconazole as potential (non-genotoxic) carcinogens due to the presence of a 

halogenated benzene fragment. Additionally, plausible alerts for carcinogenicity were 

identified by Derek Nexus for propiconazole (“polyhalogenated aromatic”; 

“polyhalogenated benzene”). The latter, however, is associated with (kidney) 

carcinogenicity through 2μ-globulin nephropathy, which is a male rat-specific 

condition that is considered as non-relevant to humans 23. The alerts for possible non-

genotoxic carcinogenic effects of all three case study compounds were further supported 

by the structural feature “phenylethyltriazole or analogue”, which is associated with 

inhibition of cytochrome P450 (CYP) enzymes in mammalian cells, leading to disruption 

of the synthesis of steroids such as cholesterol 24, which may lead to carcinogenicity. The 

OECD QSAR Toolbox also identified a few alerts for mutagenicity (see Table 3). 

However, these alerts are either not applicable (see TTC, section 3.1) or were 

considered too unspecific to use as a trigger for follow-up testing. For the remaining 

endpoints (a.o. repeated dose toxicity effects to specific organs like the kidney 

(nephrotoxicity, kidney function-related toxicity, kidney disorders and the 

aforementioned 2μ-globulin nephropathy) and skin and respiratory sensitization) no 

structure-based toxicological alerts were flagged either by the Derek Nexus software or 

any of the OECD QSAR Toolbox profiles. The identified alerts are listed in Figure 1. 

 

Table 3. Structure-based toxicological alerts for human health present in the studied 
triazole fungicides 1 

 Flusilazole Propiconazole Cyproconazole 

Endocrine 
disruption  

DDT-likeO - - 

Reproductive and 
Developmental 
toxicity  

TriazolesO TriazolesO 
Polyhalogenated 
benzeneO 

TriazolesO 

Repeated dose 
toxicity/ 
hepatotoxicity 

Phenylethyltriazole 
(PET) or 
analogueD 

Organo-silicon 
compoundD 

PET or analogueD 
 

PET or analogueD 
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Repeated dose 
toxicity/ Adrenal 
gland toxicity 

 PET or analogueD PET or analogueD 

Carcinogenicity/ 
mutagenicity 

Halogenated PAHO 
 
PET or analogueD 
HydrazineO 
H-acceptorO 

Halogenated 
benzeneO 
Polyhalogenated 
aromaticD 
Polyhalogenated 
benzeneD 
PET or analogueD 
HydrazineO 
H-acceptorO 

Halogenated 
benzeneO  
 
PET or analogueD 
HydrazineO 
H-acceptorO 

1Identified alerts are described in more detail in Section 3.2. O OECD QSAR Toolbox; D 
Derek Nexus.  

 

3.3 Toxicity predictions using HTS data 

Since the three chemicals selected for our case study, i.e. flusilazole, propiconazole and 

cyproconazole, are part of the ToxCast Phase I-II and Tox21 chemical libraries14-16, a 

vast amount of HTS data is available through the ToxCast and Tox21 programs. 

However, interpretation of these data as raw output remains challenging, and 

conclusions can be improved through combination of multiple assays. To facilitate this, 

toxicity prediction models have been developed by computationally interpreting the 

results of HTS assays based. Ideally, this should be done through mechanistic rules, but 

uncertainties relating to end-point specificity of mechanisms, mechanism-specificity of 

end-points, the expression of multiple mechanisms or unclarity about activity of 

particular mechanisms in a given HTS assay (see Discussion) leaves a practice of 

predominant use of statistical rules (e.g. association with in vivo toxicology). The output 

of the prediction models varies in nature and includes Toxicological Priority Index 

(ToxPi) scores25, AC50 values, grading, cluster analysis or similar parameters for 

ranking or relative classification of chemicals. We conducted a literature search to 

identify the existing toxicity prediction models and retrieved, where available, the 

predictions for the case study compounds. The results of this literature search, which 

also include non-ToxCast/Tox21 based models, were grouped by dedicated toxicological 

domains. The prediction models identified cover a wide range of toxicological 

complexity, from effects on cell functions to tissues/organs and even whole organisms. 

The overall findings from the literature search are listed in Table 4, including the 

number of models per toxicological domain and the endpoints included; a detailed 
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overview is provided in Supplementary Table S4. These Tables also contain the 

predictions resulting from the models for each of the case study compounds: in Table 4 

the predictions are presented after scaling in a semi-quantitative fashion to allow for 

comparison across models, whilst details on the scores in each model are provided in 

Supplementary Table S4. A very concise summary is given in Figure 1 and a more 

detailed description is given below.  

 

Prediction models assessing general cell functions are considered indicative of 

activation of processes that are relevant for toxicity. A clear example in this context is 

activation of xenobiotic metabolism; all three case study compounds were positive in an 

assay set for human CYP450/cell metabolism26. This model also showed an effect of 

flusilazole and propiconazole on the mitochondrial membrane transporter TSPO26, 

which has many proposed functions, e.g. in immune response, steroid synthesis and 

apoptosis. Disruption of the dynamic cell state was predicted with high confidence to be 

induced by flusilazole, but uncertain for propiconazole, and unlikely for 

cyproconazole27, whereas none of the three compounds was predicted to actively 

disrupt mitochondrial functions28. 

Screening for endocrine effects resulted in the identification of moderate 

activity for peroxisome proliferator-activated receptors (PPAR) and estrogenicity in one 

study29, and estrogenicity for all three compounds in another study, together with 

androgenicity for flusilazole and propiconazole, and androgen-antagonist activity for 

flusilazole30. Yet another study identified other endocrine related activities, including 

activation of several nuclear and G-protein coupled receptors (more details in 

Supplementary Table S4), from a confined set of 331 HTS assays particularly for 

flusilazole, and to a lower extent for propiconazole, and still lower for cyproconazole26. 

More targeted examination of effects on estrogen receptor activation related functioning 

revealed no activity for each compound31, whereas androgen receptor interaction was 

confirmed for flusilazole and propciconazole32, and all three were identified as potential 

aromatase inhibitors33, and of steroidogenesis in H295R cells34, 35 (propiconazole not 

listed34). Finally, none of the three compounds affected thyroid hormone synthesis, 

neither through inhibition of thyroperoxidase 36, nor through inhibition of sodium-

iodide symporter37. 
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Specific endocrine activity may be related to metabolic disorders such as 

obesity and diabetes. However, none of the three compounds disrupted key processes 

related to these disorders 38, including specific receptor activation related to adipocyte 

differentiation, insulin sensitivity, pancreatic islet and β-cell function, feeding behaviour 

in C. elegans, and feeding behaviour in rodents. On the other hand, flusilazole did rank 

high in another model for adipogenicity (based on another set of cellular functions) 39.  

In the models designed to detect effects on embryonic development, all three 

compounds appeared to be highly active in the assay set associated with rat 

developmental toxicity 40 and in zebrafish embryo toxicity testing 41, 42. Flusilazole and 

cyproconazole scored positive in an another assay set associated with rat developmental 

toxicity, which did not include propiconazole 43. Flusilazole, and the other two 

compounds to a lesser extent, were also active in a C. elegans developmental toxicity 

test44, and propiconazole and cyproconazole, but not flusilazole, were positive in an 

assay set associated with rabbit developmental toxicity40. Screening for developmental 

angiogenic inhibition, which is a known cause for adverse developmental outcomes, 

yielded a moderate (flusilazole) to low (propiconazole, cyproconazole) activity for the 

case compounds45, 46. 

Regarding behavioural activity, flusilazole and propiconazole, but not 

cyproconazole, were classified as active47. Also neurotoxicity-associated activity was 

observed for flusilazole and propiconazole, based on enzymatic and receptor signaling 

assays 26. Medium-throughput assays based on primary cultures from rat cortex allow 

for the detection of effects on neuronal network activity alone or in combination with  
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Table 4. Potency comparison in toxicity prediction models per toxicological domain and in vivo LOAELs for the three case study compounds  

Toxicological domain Prediction 
Models (n) 

Targeted endpoints in prediction models Flu Pro Cyp Ref 

Cell functions 4 Dynamic cell state, mitochondrial function, metabolism, transporter functions + ± ± 26-28 

Endocrine perturbation,  
Mode of action screening 

5 
Endocrine profiling, nuclear receptors, G-protein-coupled receptors 
(aminergic/other) 

± ± ± 26, 29 

Endocrine perturbation, specific 8 
Estrogen signalling pathway, estrogen receptor interaction, androgen receptor 
interaction, aromatase inhibition, steroidogenesis, thyroid hormone synthesis 

++ + + 30-37 

Metabolic disorder 7 Glucose metabolism, adipocyte function, feeding behaviour + + ± 38, 39 

Developmental toxicity 8 Developmental toxicity in rats, rabbits, zebrafish, C.elegans; vascular development ++ ++ + 40-46 

(Developmental) Neurotoxicity 6 Ion channel, transporters, enzymes, neuronal network activity, neurobehavior + + ± 
26, 47-

49 

Hepatotoxicity 2 Hypertrophy, liver injury, proliferative lesions, oxidative stress +++ ++ + 50, 51 

Nephrotoxicity 1 Renal proximal tubular cell toxicity +++ +++ + 17 

Genotoxicity 5 
DNA damage, gene mutations, chromosomal aberrations, p53 activation and 
oxidative stress  

- - - 

9-11, 14, 

15, 19, 

20, 52, 

53 

Carcinogenicity 2 Nuclear receptor activity, cancer hazard prioritization (hallmark genes) + ++ + 54, 55 

       

LOAEL embryotoxicity    10 35 20  

LOAEL hepatotoxicity   2.4 121 25.3  

LOAEL carcinogenicity   384 108 13.2  

Acceptable Daily Intake (ADI)   0.007 0.07 0.02  

Results obtained with toxicity prediction models were scaled to semi-quantitative grading for comparison between models. Grades in the compound columns are thus based on 
averages of the potency scores of n models contained in the toxicological domain, ranging from +++ for strong and - for absent activity (with corresponding color grading from 
intense to white). See Methods section for details. LOAELs9-11 and ADIs for embryotoxicity, hepatotoxicity and carcinogenicity (mg/kg bw/day) are included for comparison; 
these values represent mixed results from in vivo studies with multiple species. Based on the available studies, there was no evidence of neurotoxicity for any of the three case 
study substances, whilst nephrotoxicity was observed for flusilazole (no LOAEL given). 
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neuronal cell viability, and effects on neuronal network activity were suggested for all 

three case study compounds48, 49.  

Flusilazole and propiconazole were identified as potent inducers of 

hepatotoxicity, whilst cyproconazole was categorized as a weak inducer, in a model 

using chemical structures and ToxCast bioactivity descriptors50. Similar hepatotoxic 

potentials were also predicted by a model with a key role for oxidative stress, using 

automated high content analysis of HepaRG cells 51.  

One of the models identified that is non-ToxCast/Tox21 based is a model for 

prediction of nephrotoxicity.  As data for the case study compounds were not available 

yet for this model, the three fungicides  were tested in this high-throughput in vitro 

model for human renal proximal tubular cell (PTC) toxicity17. In this model, most of the 

non-PTC-toxic reference chemicals (see Methods; Supplementary Table S2) were 

relatively close to each other in the six measured features, indicating a similar 

phenotype (blue circles in Figure 3). The reference compounds that are known to be 

toxic to PTCs can be divided into four clusters according to their phenotypic differences 

from the non-PTC-toxic reference compounds (red squares in Figure 3), suggesting 

there may be different mechanisms for PTC toxicity. Two of the clusters are relatively 

close to the non-PTC-toxic compounds, while the other two clusters are relatively far 

away. The model correctly predicted absence of toxicity of the three negative control 

azole drugs fluconazole, ketoconazole, and voriconazole, and further predicted PTC 

toxicity for all three case compounds (Figure 1; Supplementary Table S2). The latter was 

for example indicated by increased nuclear roundness (~4-14%), a phenotypic change 

that is induced mostly by the PTC-toxic reference compounds. Flusilazole and 

propiconazole were more active than cyproconazole, as read from their relative 

distances to the non-toxic and toxic reference compounds, and were in particular close 

to the cluster of PTC-toxic chemicals that includes ochratoxin A, cephalosporin C, citrinin 

and cadmium chloride. 

No activities of the case study compounds were observed in ToxCast assays that 

relate to DNA damage, p53 activation or oxidative stress14, 15, 52, which may be 

considered as indicators of genotoxic potential. Flusilazole also lacked activity in a HTS 

assay for DNA damage that is based on phosphorylation of nuclear histone γH2AX 53. For 

risk assessment purposes, more substantial weight-of-evidence for genotoxic potential 

(or lack thereof) would be valuable because of the severity of the effect. Such 
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information could be obtained from an assay like ToxTracker19, 20. This is a single assay 

screen with indicative markers for DNA damage and p53 signalling, and the underlying 

processes oxidative stress and endoplasmic reticulum-mediated unfolded protein 

response (UPR). Each of the case study compounds was tested in ToxTracker for the 

purpose of this case study. None of the case study substances induced marked DNA 

damage or p53 signalling (Figure 4), thus limiting an alert for genotoxicity. However, 

flusilazole and cyproconazole were potent inducers of oxidative stress by one of the two 

markers, and the marker for UPR was activated at relatively low concentrations by each 

of the case study substances. In the absence of genotoxicity classifiers, these markers 

potentially relate to hepatotoxicity56, 57 or other organ specific toxicities. Preferably, 

additional evidence for (lack of) genotoxic potential should be obtained from assays that 

measure genotoxic effects, e.g. the Ames II™ assay and the 96-well in vitro MicroFlow® 

micronucleus assay58. Although data from these specific assays could not be identified 

for the three case study compounds, data from conventional in vitro genotoxicity tests 

(i.e. the Ames and the chromosomal aberration in vitro tests, available from JMPR 

reports9-11), which were used here as a proxy, confirmed absence of genotoxic potential 

for either of the three fungicides.  

For cancer-related processes, two prediction models were identified in the 

literature search (Supplementary Table S4). One of these models focuses on nuclear 

receptor activation, as persistent activation of these receptors is considered as a 

possible mechanism in carcinogenesis 54. In this model, propiconazole was classified 

with chemicals that are consistently active at the aryl hydrocarbon receptor (AhR), the 

pregnane X receptor (PXR), and the constitutive androstane receptor (CAR). 

Cyproconazole was classified with chemicals that have lesser overall nuclear receptor 

activity but are generally more active at AhR and to a lesser degree at CAR, PXR and 

PPAR. As mouse hepatocarcinogens appear to have a higher in vitro potency for human 

nuclear receptors relative to non-carcinogens, cyproconazole and especially 

propiconazole may be considered to have an increased hazard of non-genotoxic liver 

cancer 54. Flusilazole was classified with chemicals that are predominantly active at PXR 

and CAR and to a lesser degree at PPAR. Most of the chemicals with this activation 

pattern produce mild or no lesions in rodents 54. A second model is a cancer hazard 

prioritization model, based on perturbation of multiple targets in the cancer hallmark 

processes described by Hanahan and Weinberg 59, except for increased genome 
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instability and mutation 55. The model was built on associations between HTS assays 

related to cancer hazard processes and in vivo rodent cancer-related endpoints, 

including preneoplastic and neoplastic lesions; the more cancer hazard processes 

perturbed by a chemical, the more likely it is that chemical is carcinogenic. According to 

this prioritization model, flusilazole and propiconazole have a higher count (13 and 14, 

respectively) than cypronazole (6), although still no more than about half of the 

maximum count. All three compounds have the highest scores for liver cancer 

(compared to thyroid, testes, kidney and spleen), even when corrected for the number of 

associated processes (Supplementary Table S4).  

  

Taken together, the three fungicides in this case study were found to be associated 

through various sets of HTS assays in a consistent manner with developmental toxicity, 

hepatotoxicity, nephrotoxicity, cancer, neurotoxicity (including both neuronal network 

activity and neuronal cell viability), cell metabolism, and to a lesser extent to endocrine 

perturbation (particularly aromatase inhibition) and metabolic disorder (particularly 

adipocyte differentiation). Predictions for genotoxicity were limited to pathways 

depending on oxidative stress and predictions for adverse effects on metabolic or 

cellular functions were (almost) negative. When active, flusilazole mostly ranked as 

most active, followed by propiconazole, and finally cyproconazole, although flusilazole 

and propiconazole changed places in some of the developmental toxicity studies. The 

main findings from the HTS data are shown in Figure 1. 
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Figure 3. Evaluation of the three case study fungicides and three azole drugs 

(negative controls) in a high-throughput in vitro model for the prediction of toxicity to 

human renal proximal tubular cells (PTCs). The approximated distances between all 

the 6 azoles (triangles) and 42 reference (squares and circles) compounds in the 

original six-dimensional feature space are shown. The t-Distributed Stochastic 

Neighbor Embedding (tSNE) algorithm60 was used to approximate the distances. All 

three fungicides were predicted as toxic to human renal PTCs. 
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3.4 Follow-up targeted assays  

Use of the abovementioned alerts for toxicological potential of the case study 

compounds as a basis for hazard or even risk assessment would require confirmation in 

 

Figure 4. Results for the ToxTracker assay, which includes markers for oxidative 

stress (Srxn1 and Blvrb; blue), unfolded protein response (Ddit3; green), DNA damage 

(Bscl2 and Rtkn; red), and p53 signaling (Btg2; grey). All three fungicides were tested 

in the absence (shown here) and presence of metabolic activation (Supplementary 

Figure S1) at µM concentrations (X-axis). Error bars represent SD (n = 3). The cell 

survival at corresponding concentrations is shown for comparison.  
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relevant follow-up assays, including quantification of toxicological effect(s) to derive 

appropriate point-of-departures (PoDs). To identify examples of possible follow-up 

assays relevant for the present case study, a limited literature search was conducted.  

For the development of prediction models for endocrine perturbation, Rotroff 

et al. (2013) retrieved endocrine activities reported in literature in cultured cells and 

microsomal fractions (and in vivo assays, see later) 30. These assays can also be 

considered as follow-up assays and included measurement of aromatase activity (in 

transgenic insect cells, KGN or JEG-3 cells), production of progesterone, testosterone 

and estradiol (in H295R cells), AR and ER/β-activated reporter genes (in CHO and 

HELN cells, respectively), and ER-dependent proliferation (in MCF-7 cells). From this 

overview, aromatase inhibiting activity of all three compounds was confirmed. 

Additionally, propiconazole inhibited synthesis of other steroid hormones and was 

active as an androgen antagonist. 

For the prediction of developmental toxicity, the ToxCast HTS approach not 

only includes cell culture-based assays, but also whole organism assays, zebrafish 

embryos and C. elegans. As described above, all three compounds tested positive in both 

zebrafish embryo toxicity assays 41, 42, and particularly flusilazole, and the other two 

compounds to a lesser extent, were also active in a C. elegans test 44. The results from 

these whole organism assays support the findings obtained with prediction models 

based on cellular assays. Further evidence could be derived from other standard non-

animal assays such as the embryonal stem cell test (EST), and/or from ex vivo systems 

such as the rat whole embryo culture (WEC). Indeed, specific toxic effects were observed 

with flusilazole in the EST 61 and in a specific neural EST 62, 63. In the latter method, also 

cyproconazole induced an adverse effect, which is in line with the observed migration 

inhibiting effect of cyproconazole in neural crest cells 64. Finally, flusilazole and 

cyproconazole induced malformations in the WEC 65, 66. More insight into the modes of 

action (MOA) involved could be derived from from gene expression analysis in e.g. 

zebrafish embryos, which confirmed inhibition of cyp26 and subsequent disturbance of 

the retinoic acid balance 67. 

Regarding processes related to neurotoxicity, flusilazole and cyproconazole 

were tested in in vitro assays that could be used to detect downstream neurotoxicity 

specific key events, such as neurite outgrowth. In one such test, the PC12 voltage-gated 

calcium channel test that functionally integrates responses of all calcium channel 
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subtypes, modulation of intracellular calcium was detected for flusilazole and 

cyproconazole (propiconazole not tested) 68. 

The results presented in this section are summarized in Figure 1. Although 

clearly incomplete, the assays identified provide nice examples of how alerts from 

toxicity prediction models might be followed-up, for confirmation and quantification to 

enable derivation of a PoD, which is essential for risk assessment. 
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4. Discussion 

 

The present case study was conducted to explore whether NAMs relevant to hazard 

identification can be applied in a pragmatic approach for implementing new concepts 

for human health risk assessment. A comprehensive analysis of hazard screening 

through in silico and high throughput in vitro methods was complemented with initial 

estimations of external exposure and bioavailability.  

 

Initial considerations 

The TTC approach was employed as a first approximation to estimate toxicological 

concern. The TTC is based on known toxicological thresholds for a wide range of 

substances and can be used to assess the likelihood that a particular level of exposure to 

a new chemical would be without toxic effects, for DNA-reactive substances69, and for 

non-cancer effects21. Future refinement of the level of concern can be anticipated with 

the availability of high-throughput toxicokinetic modeling of internal exposure, based on 

external exposure estimates and by employing IVIVE approaches70-72. Once optimization 

of these methods is established, prioritization of chemicals for further testing may be 

based on comparison of internal exposure estimates to toxicological potential, i.e. the 

internal TTC73. In the present case study, the simple PRIMo model with legal limits was 

used for initial estimation of exposure, which is a first step in a tiered approach for 

pesticide residues proposed by EFSA74. This initial exposure estimation should only 

serve as a benchmark for comparison with initial toxicological concern, to decide on the 

need for more detailed quantitative exposure assessments.  

 

In silico methods and high-throughput approaches for toxicity testing gave alerts for a 

range of adverse outcomes. As far as MOAs detected in the HTS assays are the basis for 

computational interpretation, it should be considered that a given toxicological endpoint 

may have a basis in various MOAs and, vice versa, specific MOAs may underlie various 

adverse outcomes. For instance, hepatotoxicity or carcinogenesis may be caused by 

mitochondrial disruption, leading to oxidative stress and inflammation, or by liver 

enzyme induction upon nuclear receptor activation leading to proliferation and 

subsequent tumor formation 75, 76. Oxidative stress as identified with the Toxtracker® 

assay may also be an initiating factor in the predicted nephrotoxicity77 and in the 
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observed neurotoxicity78, 79. For a more comprehensive study of such a diversity of 

MOAs, a battery of assays will be required to constitute a robust toolbox80, for both 

targeted and untargeted testing. In this perspective, toxicogenomics (gene expression 

profiling) in in vitro systems81, 82 as well as integration of different types of omics data 

such as mRNA, miRNA and protein83 has proven its usefulness. 

 

The toxicity prediction models retrieved for this case study cover a wide spectrum of 

biological activities. ToxCast/Tox21 includes approximately 700-900 assay endpoints in 

the early phases, to approximately 80 endpoints in the ongoing Tox21 phase16, and 

many screening assays have been developed outside the ToxCast program. Nevertheless, 

the coverage of the toxicological spectrum is far from complete for the three compounds, 

because in vitro screening assays representing some toxicological domains are not 

(sufficiently) available, or because these specific compounds were not tested in available 

screening assays. It can be anticipated that missing or insufficiently covered toxicity 

related processes will be added in the coming years, either through further 

computational interpretation, or through addition of further HTS assays and/or 

prediction models.  

Some challenges remain in the present assessments of in silico predictions and HTS 

data16. Chemicals may fall outside boundaries for suitability of HTS testing, e.g. due to 

extreme logP values, and/or low molecular weights. Also, metabolic activation or 

detoxification is lacking in most HTS bioassays, although in silico models may add 

relevant information here. Regarding prediction models, it is of utmost importance to 

evaluate the scientific confidence in the postulated model, preferably through the 

Scientific Confidence Framework 84, 85. The relevance of such evaluation is exemplified 

by a re-analysis of the cancer hazard prioritization model86, demonstrating that the 

model proposed by Kleinstreuer et al.55 (Supplementary Table S4) was not robust. 

Furthermore, additional case studies like the one presented here are needed to obtain a 

better understanding how to make best use of such models, e.g. by using relatively 

ranked scoring instead of binary hazard classification. Information on toxicokinetic 

properties also needs to be taken into account when interpreting data on a chemical of 

interest87. Finally, human relevance is pivotal when building toxicity prediction models 

for use in human health risk assessment.  



 

 
27 

Ideally, the available tools for toxicity prediction feed information on events on various 

levels of biological complexity, from early mechanistic to more advanced 

phenomenological events, thus increasing the weight of evidence for a suggested 

toxicological effect. This tiered understanding of causal linkage of early initiating and 

further key events to adverse effects is the purpose of the concept of Adverse Outcome 

Pathways (AOP) 88, 89. The AOP concept thus offers a framework for linking information 

from in silico and in vitro methods to in vivo toxicity.  

 

In vivo reference for detected adverse outcomes through in silico and in vitro 

methods 

The in vitro prediction models were reported as AC50s, rankings or scores. To enable a 

semi-quantitative comparison across endpoints and potencies of compounds, all results 

obtained from the toxicity prediction models were harmonized to a scaled scoring and 

averaged in Table 4. It is thus apparent that the in vitro screening methods detected 

specific adverse outcomes, i.e. hepatotoxicity, nephrotoxicity, developmental toxicity 

and to a lesser extent carcinogenesis, neurotoxicity and endocrine MOAs. This largely 

confirms the in silico results, which, however, were not quantitative, and can therefore 

not be used for potency comparisons. The comparison in Table 4 does not account for 

uncertainty in the data and should be considered as an illustration to support that larger 

databases and a validated harmonization of toxicity prediction models and forthcoming 

scores may in due time generate power to derive ADIs based on data from NAMs.  

 

The detected effects were verified in JMPR reports summarizing traditional in vivo 

testing of the three cased compounds. The affected endpoints are listed in Figure 1; 

more details are given below. 

Regarding the predicted developmental toxicity, supporting reports from in vivo 

studies are available. Flusilazole induced developmental effects, particularly skeletal 

malformations, in mice90, whereas in rats mainly cleft palate, absence of innominate 

artery, skeletal variations and retarded development have been observed upon 

flusilazole exposure10. Also in rats, high doses of flusilazole induced exophthalmus, 

hypognathia, macroglossia and cleft palate91. Propiconazole induced fetotoxicity and 

delay of ossification in a rat developmental study92, whilst cyproconazole was reported 

to have teratogenic potential in a rat developmental study, consisting mainly of cleft 
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palate, hydrocephaly and severe retardation of ossification93. Specificity of 

developmental effects can be understood from dysregulation of internal retinoic acid 

balance, which is a key MOA of triazoles94. 

Regarding hepatotoxicity, the liver appeared to be the target for in vivo toxicity 

and produced the critical effect for all three compounds in long-term studies in rodents 

and in dogs. Hepatic necrosis was consistently reported, next to variable observations of 

hypertrophy, inflammatory infiltration, vacuolization, and liver-related clinical 

chemistry parameters 9-11.  

For nephrotoxicity, there are limited indications from in vivo studies. Decreased 

kidney weight was consistently reported with flusilazole, in multiple test species and 

various study designs11. No renal effects were reported for propiconazole10. With 

cyproconazole, there was increased kidney weight (males only) in an inhalation and an 

oral dose study with rats, and kidney malformations in a developmental study in 

rabbits9. Generally, observed effects were at high doses and without further observed 

renal lesions, suggesting that kidney is not a primary target of the three compounds. 

 For flusilazole, no carcinogenic concern was expressed at levels of dietary 

exposure 11. However, carcinogenicity in the liver was noted as a critical effect for both 

propiconazole and cyproconazole, but only in mice, not in rats, and via a mechanism 

(phenobarbital-type) not relevant to humans 9, 10. 

For neurotoxicity, scientific evidence was limited, mainly because it is not 

addressed in detail in most rodent studies. In one study with propiconazole in rats, no 

neurotoxic effects were observed 95. 

Of the detected endocrine MOAs, aromatase inhibition is of particular interest, 

because it is known as a cause for reproductive dysfunction via perturbation of the 

estrogenic balance (reviewed in 96). As a confirmation of functional implications of this 

MOA, reproduction assays, including analysis of reproductive parameters such as 

hormone measurements or effects on reproductive organs, are available in multiple 

species after exposure with various triazoles, incidentally also with one of our three case 

study compounds. Thus, reproductive effects were observed in male rats with 

propiconazole, consistent with testosterone homeostasis disruption 97, and in male rats 

exposed to propiconazole 98. Female reproductive development in rats was impaired by 

propiconazole 98. Further, in the fish species fathead minnow (Pimephales promelas), 

propiconazole also induced reproductive effects, although mainly in females and at high 
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concentrations 99. No anti-androgenic effects of propiconazole were observed in a 

Hershberger assay, nor any endocrine effects in GD21 fetuses after intrauterine 

exposure to propiconazole in rats 100. Another case study with triazoles (with only 

propiconazole in common), which exclusively focused on endocrine activity, confirmed 

low priority of the investigated compounds for further endocrine (guideline) testing 101. 

Regarding the predicted adipogenesis, no reports on in vivo induced obesity or 

increased body weight could be retrieved, not from JMPR assessment reports, nor from 

ToxRefDB, and this adverse outcome should therefore be considered cautiously. 

However, stimulated adipocyte differentiation may not directly translate into in vivo 

adiposity in rodents, but may need specific co-factors, such as a high caloric diet or 

reduced energy expenditure.  

Finally, there were models assessing cell functions which do not pertain to a 

specific toxicological domain, but more toxicity in general, and are therefore difficult to 

validate against in vivo effects. It can be speculated that such in vitro observations relate 

to systemic effects reported in vivo, such as decreased body weight. 

Altogether, the most consistent overlap among in silico predictions and screening 

assays and in vivo tests was observed for developmental toxicity, hepatotoxicity and for 

endocrine-related reproductive parameters. The first two were also the most critical 

toxic effects observed from traditional in vivo testing (see below). No consistent or no 

confirmation of HTS alerts could be derived from in vivo testing for metabolic effects 

including adiposity, nephrotoxicity and neuro(developmental) toxicity. This may be due 

to true absence of such effects in vivo, thus causing false positive alerts, or just because 

these endpoints were not addressed in the available studies. Furthermore, it can be 

questioned whether the mainly human based HTS is particularly valid to predict effects 

in rodents 102. Another caveat is that the statistically based computational models (as do 

QSAR models) use in vivo data, mostly ToxRefDB, for reference, and may thus be partly 

built on in vivo data of the case study compounds. Independent models, such as high-

throughput zebrafish embryo tests for development, or mechanism or function based 

models, such as ion channels for neurotoxicity, are therefore important elements to be 

included in the toolbox of test methods. Overall, the major alerts from in silico 

predictions and HTS models, although not covering the full spectrum of toxicology, 

seemed to predict the hazard of our three case study compounds correctly as no 

observed in vivo effects were missed (no true negative results). 



 

 
30 

Robust prediction of toxic effects by in silico and HTS tools of a chemical under study can 

be used as a basis to either exclude such compounds from further development, or, after 

adequate quantitative extrapolation, define regulations for margin of exposure (MOE) 

settings. Follow-up testing, possibly enhanced through metabolic transformation of 

parent compounds, may be useful to refine the hazard profile of compounds with 

positive test results, or confirm absence of toxicity for compounds with negative test 

results. Interpreting the absence of alerts for a toxicological endpoint as a non-critical 

prediction is non-conservative and could lead to false negative predictions, especially 

for the endpoints where little knowledge has been put down into structural alerts, or 

which have no representative in vitro or associated prediction models. Improved 

underpinning of both positive and negative results without animal testing could be 

achieved by further development of a comprehensive AOP database, i.e. the AOP Wiki by 

OECD, including follow-up assays specifically addressing key events and their relations 

along these AOPs. 

 

Conclusions 

This case study with three triazoles shows that the initial tier comprising in silico and 

HTS models holds a good promise for adequate and efficient toxicity prediction, 

including potency ranking, without animal testing. This confirms the conclusion from 

another case study with triazoles, focusing on endocrine activity only 101. However, two 

other case studies, one with all 20 ortho-phthalates included in U.S. EPA’s chemical 

database, and one with endosulfan and methidathion revealed some discordance 

between HTS models and in vivo adversity, with particularly false negative raising 

concerns 39, 103, 104. More case studies are therefore required to analyze concordance 

between in silico/HTS models and in vivo adversity, e.g. by investigating the effects of 

compounds known for metabolic transformation in vivo and compounds with non-

included toxicities, such as immunotoxicants, and also with compounds which are not 

included in the reference in vivo set for computational model building. Other challenges 

are how to extrapolate HTS results to humans, and how to differentiate between specific 

(sensitive) human subpopulations. Further assessments to feed next generation risk 

evaluation relate to detailed quantification of external exposure, toxicokinetic modeling 

of systemic steady-state concentrations and internal exposure at target organs, and 
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operationalization of in vitro effects through quantitative in vitro to in vivo (QIVIVE; in 

humans) extrapolation to derive point-of-departures (PODs).  
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