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Abstract 

The use of an integrative molecular approach can actively improve the evaluation of 

environmental health status and impact of chemicals, providing the knowledge to develop 

sentinel tools to be integrated in risk assessment studies, since gene and protein expressions 

represent the first response barriers to anthropogenic stress.  

This work aimed to determine the mechanisms of toxic action of a widely applied fungicide 

formulation (chlorothalonil), following a time series approach and using a soil model arthropod 

Folsomia candida. To link effects at different levels of biological organization, data were 

collected on reproduction, gene expression and protein levels, in a time series during exposure 

to a natural soil.  Results show a mechanistic mode of action for chlorothalonil, affecting 

pathways of detoxification and excretion, immune response, cellular respiration, protein 

metabolism and oxidative stress defense, causing irregular cell signaling (JNK and NOD ½ 

pathways), DNA damage and abnormal cell proliferation, leading to impairment in 

developmental features such as molting cycle and reproduction. The omics datasets presented 

highly significant positive correlations between the gene expression levels at a certain time-

point and the corresponding protein products 2 to 3 days later. The integrated omics in this 

study has provided useful insights into pesticide mechanisms of toxicity, showing the relevance 

of such analyses in toxicological studies, and highlighting the importance of considering a time-

series when integrating these datasets. 

 

Keywords: Collembola; Environment; Fungicides; Omics; Soil.  
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1. Introduction 

Environmental toxicology studies are often performed with the ultimate goal of providing a 

systematic procedure for predicting potential risks to human health or the environment (Forbes 

and Galic, 2016). However, the high complexity of ecosystems can turn environmental risk 

assessment a very challenging task. Most of the ecotoxicological studies follow conventional 

bioassays at individual, population or community levels, addressing survival, reproduction, 

growth, development, feeding rates, or other behavioral parameters as major endpoints (van 

Gestel, 2012). However, knowledge on the relationship between effects at the population and 

the molecular levels is rather limited. Still, this link can explain the cascade of toxicant effects 

through the organizational chain, and therefore, is essential to ecotoxicology (Oziolor et al., 

2017; Tonne et al., 2017). Recently, technological improvements and lower costs have 

dramatically increased our ability to generate genomic, transcriptomic, proteomic, and 

metabolomics data (Li and Chen, 2014), thus facilitating studies focused on quantitating the 

relationship between contaminants or contaminated environments and effects in the resident 

biota. This possibility of analysing the effect of chemicals and other environmental stressors on 

the levels of a large number of molecules in a single experiment led to the development of 

Environmental Omics, integrating different molecular datasets such as mRNA and protein 

expression technology to study adverse effects in biological systems (Calzolai et al., 2007; 

Spurgeon et al., 2008). The linking of individual responses with the proteome and transcriptome 

also contributes to the scientific basis for a more comprehensive understanding of mechanisms 

underlying individual responses to contaminants, the biochemical basis of species sensitivity, 

the prevalence of reported or unexpected modes of action, and the combined effects of 

pollutants (Gong and Perkins, 2016; Pillai et al., 2014).  

However, integrating omics datasets with higher-level endpoints faces some serious challenges, 

since abundance of mRNA is not always correlated with protein abundance (Gygi et al., 1999), 

particularly not in complex biological samples (Maier et al., 2009) due to translational regulatory 

events or the difference in the average half-life of molecules (Haider and Pal, 2013). Therefore, 

the analysis of transcriptomics and proteomics in the same experiment, allowing for time-shifts 

between transcripts and proteins, may provide insights that cannot be retrieved from gene 

expression or protein levels alone.  

Pesticides are major contamination inputs caused by human hand and their use has increased 

many folds over the past few decades (Fernandez-Cornejo et al., 2014). According to a report by 

the United States Geological Survey (Elskus, 2012), fungicides are one of the emerging chemical 
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classes of concern, receiving much less attention than well-studied chemicals such as herbicides 

or insecticides and with use volumes projected to increase. Chlorothalonil 

(tetrachloroisophthalonitrile) formulations in particular have gained much attention due to their 

reported multi-site contact-activity mode of action (MoA). Since it is difficult to develop 

resistance against this fungicide, it remains among the top products driving the fungicide market 

(Zhang et al., 2016). 

Collembolans, being abundantly present in soil ecosystems and sensitive to soil contaminants, 

have been widely used to assess the environmental impact of pollutants in soils (Fountain and 

Hopkin, 2005). The collembolan Folsomia candida, in particular, is one of the most important 

model organisms for soil toxicology (de Boer et al., 2009) due to easy breeding and maintenance 

under laboratorial conditions, short parthenogenetic life cycle, preference for high 

temperatures and humus-rich soils. Different studies have used transcriptomics to address 

effects of stressors in F. candida and recently also a high-quality genome assembly was made 

available (Faddeeva-Vakhrusheva et al., 2017). A first attempt of retrieving proteomic 

information on this species, and integrating protein responses to transcript expression after 

chemical exposure was published recently (Simões et al., 2018; chapter III). 

This work aimed to increase knowledge and inherent considerations to follow for the usability of 

integrative early warning tools (-omics) in a context of risk assessment prospect, starting from a 

controlled contaminated environment. A particular scenario was evaluated here by exploring 

the mechanisms of toxicity in F. candida of the widely applied fungicide formulation Bravo500® 

with chlorothalonil as the active ingredient, linking effects at different levels of biological 

organization: reproduction, gene expression and protein levels, and following a time-series 

exposure.  

 

2. Materials and methods 

2.1 Test soil, organisms and pesticide 

The test soil was collected from an agricultural area from the lower Mondego valley in Coimbra, 

Portugal (40°12'44.0"N; 8°27'02.4"W), sieved and defaunated as in chapter III. The 

physicochemical and mineralogical characterization of this natural soil is presented in chapter II. 

The collembolan test species Folsomia candida (Isotomidae: Collembola) was obtained from 

cultures maintained at the University of Coimbra (Portugal). The animals were cultured in 

vessels filled with a wet mixture of plaster of Paris and activated charcoal (11:1, w/w) in a 



CHAPTER IV 

 

81 
 

climatic chamber at constant temperature of 20±2˚C, and with a 16:8 h light:dark photoperiod 

and fed with baker´s yeast (Vahiné, Mccormick, Italy). 

The fungicide formulation Bravo500® was acquired from Syngenta, Portugal, having 

chlorothalonil as active ingredient (40%, a.i.).  

 

2.2 Effects on reproduction  

Toxicity to F. candida reproduction was established following ISO guideline 11267 (ISO, 1999) 

recommendations. Briefly, synchronized organisms (10-12 days old) were exposed to nine 

dilutions of the formulation (prepared in distilled water), according to nominal concentrations 

of the active ingredient: 0; 1.875; 3.75; 7.5; 15.0; 30.0; 60.0; 120.0; and 240.0 mg (a.i.) kg-1 of 

dry soil. Temperature and photoperiod were kept at 20±2˚C and 16:8 h light:dark. Five replicates 

each one with ten organisms, 30 g of soil and in a 100 mL glass vial were used per treatment. 

Organisms were fed at the beginning and after 14 days (2 mg of granulated dry yeast) and 

humidity was verified weekly by adding distilled water to re-establish the original weight. After 

28 days of exposure, total adults and juveniles in each replicate were floated to the surface and 

counted using the image analysis software ImageJ (version 1.49). The inhibitory effect of 50% on 

reproduction (EC50) was estimated by fitting a hormetic dose-response curve (Lushchak, 2014) 

through the concentration response data, using Statistica software (version 7, 2004, TIBCO, 

California, United States).  

 

2.3 Effects on gene and protein expression levels  

For the mechanistic assessment of fungicide effects and to better understand the correlations 

between the omics datasets through time, 10 to 12 days old organisms were exposed to the 

same soil moistened with water (control) and spiked with the fungicide in a concentration 

corresponding to the reproduction EC50. Over this exposure period, the organisms were 

sampled at different time points (2, 4, 7, and 10 days). The exposure was performed as in 

chapter III, using four replicates of 75 organisms per treatment and time point (32 in total) plus 

5 extra replicates of 10 organisms per treatment to follow and verify the actual reproduction 

and mortality effects of the EC50 exposure at 28 days, following the same ISO guideline 

recommendations (ISO, 1999).  

The total number of organisms recovered from each test vial (Table 4.1) were then pooled and 

considered a single replicate for omics analysis.  
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Table 4.1 Total Folsomia candida organisms recovered per replicate after exposure to the estimated 
EC50 (127 mg a.i. Kg-1) of the fungicide formulation for 2, 4, 7 and 10 days. 

2 days 4 days 7 days 10 days 

Replicate Control EC50 Control EC50 Control EC50 Control EC50 

1 75 71 74 71 75 61 75 64 

2 75 74 75 73 75 56 75 62 

3 75 70 75 73 75 55 75 53 

4 75 75 75 63 75 59 75 41 

Average 75.00±0.00 72.5±2.38 74.75±0.50 70.00±4.76 75.00±0.0 57.75±2.75 75.00±0.00 55.00±10.49 

 

The procedures used for the extraction of total RNA and proteins, along with the methodologies 

used for transcriptomics and proteomics analyses are described with full detail in chapter III and 

here summarized in Figure 4.1. 

 

 

Figure 4.1 Workflow with a schematic representation of the methodologies used for gene and protein 
expression analysis, after exposing Folsomia candida to the fungicide formulation. 

 

RNA and proteins were extracted from the same pool of organisms using the TRIZOL® extraction 

method (Invitrogen, Belgium). After quantifying and assessing integrity of purified RNA, about 1 

µg of total RNA from each sample was used for mRNA selection using TruSeq™ RNA Library 
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Preparation Kit v2 from Illumina®, following the manufacturer´s protocol. After checking the 

quality of the fragmented and enriched library (200-500 base pairs fragments), DNA libraries 

were normalized to 10 nM and pooled for sequencing on the Illumina HiSeq 2000 platform 

(Illumina, USA) where a Paired-End RNA Sequencing was followed. Resulting sequencing reads 

were mapped against the annotated transcriptome of F. candida (Faddeeva et al., 2015) and 

differentially expressed transcripts were obtained following a GLM (Generalized Linear Model) 

regression, with false discovery rate (FDR) correction for multiple testing (p<0.05). Gene 

Ontology (GO) enrichment analysis was performed with TopGO package from R, using Fisher 

exact test with the weight function (p<0.05). Clustering analysis of gene expression data was 

performed with MeV 4.9.0 software (Saeed et al., 2003) following the Self Organizing Tree 

Algorithm (SOTA) and Pearson Uncentered metric distance selection and cell diversity as cell 

division criteria. ClueGO plugin (Bindea et al., 2009) from Cytoscape was used to cluster gene 

lists retrieved from the enrichment analysis (using Drosophila melanogaster corresponding 

orthologs), according to biological process, KEGG and reactome pathways as ontology settings. 

GO levels from 4 to 10 were selected and only pathways with a minimum of 2 tangled genes 

were used for term grouping (k=0.5). The significance of each term or group was calculated with 

two sided hypergeometric test. Leading group was based on highest significance.  

Total extracted proteins were quantified and checked for integrity, following denaturation, 

reduction and digestion with trypsin.  Exactly 20 µg of each sample was used and labelled with 

different isobaric tags according to the iTRAQ® Reagents - 8plex protocol (Applied Biosystems, 

USA). Samples to be directly compared were pooled together (eight samples for iTRAQ-8plex: 

four control and four pesticide EC50 treatment samples from the same time-point), following an 

alkaline (pH=10) and an acidic fractionation (pH=3) through reversed phase (RP) high-pressure 

liquid chromatographic (HPLC) for peptide separation. Peptide identification was based on MS 

and MS/MS information retrieved from analysis on a 4800 Plus MALDI-TOF/TOF analyzer mass 

spectrometer (AB SCIEX, USA). Identification and relative quantitation of peptides and 

corresponding predicted proteins was accomplished using the F. candida genome assembly as a 

reference (Faddeeva-Vakhrusheva et al., 2017). After background correction and applying a 

false discovery rate (FDR), only proteins with a local FDR< 5%, with an “unused score” greater 

than 1.0 (identification with 90% confidence), and quantified in all replicates, were considered 

for further analysis. A two-tailed Student's T test was also performed on the logarithmic 

transformed ratios to address differences between control and treatment samples (p<0.05). 
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More information on the fractionation and protein identification procedures can be consulted in 

chapter III.  

 

2.4 Gene - Protein correlations 

Spearman's rank correlation coefficient (rs; p<0.05) was used to find correlations between 

differential protein levels and corresponding differentially expressed genes within and between 

all time-points, using a square matrix. A Principal Component and Classification Analysis (PCCA) 

using a correlation matrix of factors (covariance matrix of the standardized variables) was also 

performed to highlight the differences and similarities between datasets from different time-

points (eight active cases). The results of this analysis were plotted in two-dimensional space. All 

analyses were performed with Statistica software (version 7, TIBCO, California, United States). 

 

3. Results 

3.1 Effects on Reproduction 

Reproduction tests with the fungicide formulation fulfilled the validity criteria described in the 

standard guideline (ISO, 1999): less than 20% mortality was observed and more than 100 

juvenile offspring per replicate with a coefficient of variation <30% in control treatment was 

obtained. The effect of chlorothalonil on reproduction followed a hormesis model (r2=0.87) and 

the EC50 estimated was 127 mg (a.i) kg-1 (95% CI: 84.0 – 169 mg kg-1), according to the nominal 

concentrations. In the omics exposure and to assess if the estimated EC50 significantly reduced 

reproduction, after the 28 days control samples presented, on average, 9.2±1.79 adult 

organisms and 380.2±52.4 juveniles, while EC50 samples presented 6.8±1.64 adults and 

87.2±20.4 juveniles. Thus, this exposure produced a significant reduction of 26.1% in survival (t= 

2.2, df= 4, p=0.03, one-tailed) and of 77.1% in reproduction (t=11.6, df=4, p<0.001, one-tailed).  

 

3.2 Effects on gene expression 

A total of 35 819 759 trimmed paired-end reads were retrieved from sequencing, and an 

average of 81.0±4.6% of reads per sample were successfully mapped to F. candida reference 

transcriptome (38 015 transcripts) (Faddeeva et al., 2015). Illumina sequence reads were 

deposited to the NCBI SRA under accession SRP152014 (Bioproject PRJNA477642). A total of 

3766 transcripts were found to be differentially expressed over the consecutive exposure time-
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points (2, 4, 7 and 10 days), with 1 706 upregulated and 2 060 downregulated transcripts (Figure 

4.2A).  

In general, there was a higher number of differential gene expression in herbicide exposed 

samples after 4 and 10 days of exposure, compared to the other time-points (2 and 7 days). 

Only few common transcripts were found to be differentially expressed between time-points, 

indicative of time specific expression patterns. However, 17 differentially expressed transcripts 

were common to all time-points (Figure 4.2B). From these, 16 maintained the direction of 

expression levels along time-points: 11 were continuously upregulated and 5 constantly 

downregulated (Figure 4.2C).  

 

 

Figure 4.2 Folsomia candida differentially expressed transcripts (p<0.05) during exposure for 2, 4, 7 and 
10 days. A. Number of significant up- and down-regulated transcripts in comparison to the respective 
control; B. Venn diagram representing the number of differentially expressed genes shared between the 
different time points. C. Heatmap generated from MeV 4.9.0 software (Saeed et al., 2003) with the 
expression levels (log2 fold change) of the 17 commonly differentially expressed transcripts between all 
time-points. Red indicates upregulation and green indicates downregulation. 
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The upregulated transcripts through time, with known homology, are involved in stress 

response (GAMN01003999, GAMN01000417, GAMN01000935) and protein metabolism 

regulation (GAMN01012162, GAMN01001617, GAMN01037779), while the down-regulated are 

genes related to development and reproduction (GAMN01006059, GAMN01002621, 

GAMN01016071).  

GO enrichment analysis was performed for each list of differentially expressed transcripts 

(either up-regulated or down-regulated) of every time-point. Focusing on biological processes 

(BP), a total of 60, 48, 23, and 72 GOs were significantly affected by down-regulated transcripts 

after 2, 4, 7, and 10 days, respectively. As for the up-regulated transcripts, 36, 30, 19, and 76 BP 

were respectively enriched along the consecutive time-points. To complement the information 

provided by the GO enrichment analysis and for a better biological interpretation of the overall 

effects of the pesticide over time, Cytoscape plugin ClueGO was used to cluster the genes 

involved in these pathways, using the respective gene identifiers (D. melanogaster homologs) of 

the differentially expressed gene lists, associated to the significantly enriched GO terms. A 

clustering network of the most significantly affected biological processes, KEGG and reactome 

pathways related with these up-regulated and down-regulated genes is here illustrated (Figure 

4.3). The network analysis at the transcription level suggested differential and progressive 

effects along the consecutive time-points. Regarding the affected functions associated to the 

up-regulated genes, increased detoxification functions were observed after 2 and 4 days of 

exposure, highlighted by glutathione metabolism, detoxification or phenylalanine or tyrosine 

catabolism terms (Figure 4.3).  

Increased immune activity after 4 days (dopamine metabolism, melanization; Figure 4.3) 

evidences an increased response to toxicant and possibly the first effects in F. candida. There is 

also evidence for protein processing being affected (Figure 4.3). Signs of more systemic effects 

were manifested after 7 days of exposure, highlighted by increased DNA damage and repair 

related functions. After 10 days, a compensatory developmental impairment was observed, 

evidenced by terms such as a positive regulation of cell growth, increased transcription 

processes, or increased chondroitin sulfate metabolism (Figure 4.3).  

As for the down-regulated genes lists, 4 and 10 days can be depicted as the most representative 

time-points in the network (Figure 4.3). Here it can be observed that most significantly affected 

functions are predominantly related to an inhibition in normal developmental processes such as 

the molting cycle (cuticle development, chitin metabolism; Figure 4.3) and reproduction 
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(vitelline membrane formation, ovulation, toll signaling; Figure 4.3), both evidenced after 4 and 

10 days of exposure.  

 

 

Figure 4.3 Biological interpretation of Folsomia candida differentially expressed transcripts (up- and 
down-regulated) during exposure. Network analysis was performed with the list of Drosophila 

melanogaster genome orthologous genes to F. candida, using ClueGO plugin from Cytoscape software 
(version 3.4.0). Different colored nodes represent GO terms (biological process, KEGG and reactome 
pathways) with a higher representation at a given time-point (more than 50% of the total significant 
genes within a given GO term): yellow= 2 days; orange= 4 days; red= 7 days; purple= 10 days. Grey nodes 
represent affected GO terms during exposure without a major representation in any time-point, but 
represented in at least 2 time-points. Increasing node sizes and color intensities represent terms with 
higher p-values and higher gene percentage within the group, respectively. 
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3.3 Effects on protein levels 

The protein identification levels observed here were in accordance with reports mentioning 

other chitin based invertebrate species (Lafontaine et al., 2017; Leroy et al., 2010; Muñoz-

Gómez et al., 2014; Wei et al., 2015) and other invertebrates (Mu et al., 2017; Piechnik et al., 

2017). A total of 48 unique proteins matching the genome of F. candida passed the selected 

parameters (section 2.5), with 41 (85.4%) presenting known functional homologies. From these, 

20 functional proteins (46.5%) were differentially expressed when compared to controls and are 

here presented (Table 4.2).  

 

Table 4.2 Known functional proteins with differential levels (p<0.05) in F. candida exposed to a 
chlorothalonil-based formulation at the reproduction EC50 level, in at least one time-point (2, 4, 7, or 10 
days). 

Transcript Acc. 

Number 

UniProtKB 

Accession 
Protein Name 

Time-

point 

(Days) 

Unused 

Score 

Log2 Fold 

Change 

p-

value 

GAMN01000417 A0A226EQA0 Glutathione S-transferase 2 2 2.906 0.024 
GAMN01008943 A0A226DZT7 Myosin heavy chain (muscle) 2 2.06 -1.738 0.038 
GAMN01001652 A0A226E6Y2 Myosin (light chain 2) 2 2 -1.755 0.004 

GAMN01014542 A0A226F4E9 Actin (muscle) 
2 6.04 1.657 0.023 
4 2.04 -1.514 0.008 

GAMN01000526 A0A226DYK3 Vitellogenin-6 
2 2 -1.810 0.002 
4 6.05 -0.622 0.030 

GAMN01004016 A0A226EHV2 Larval cuticle protein A3A 
2 10.15 0.285 0.015 
4 10.51 -1.078 0.006 

GAMN01011694 A0A226DBA3 
RNA polymerases I and III 

subunit RPAC1 

2 24.99 -2.505 0.003 
4 9.53 -2.073 0.021 
7 4 -2.307 0.037 

10 10.64 3.224 0.002 

GAMN01011161 A0A226F6G0 
Translation elongation factor 

2 
4 2 -2.928 0.005 

GAMN01006818 A0A226DYK3 Vitellogenin 4 6.26 -2.982 0.000 
GAMN01009208 A0A226DXB2 Vitellogenin 2 4 4.14 -2.194 0.008 
GAMN01002434 A0A226EHY4 Larval cuticle protein LCP-22 4 2 -3.216 0.028 

GAMN01010572 A0A226EAF1 
chromatin modification-

related protein eaf-1 
7 3.76 -1,027 0.034 

GAMN01011098 A0A226DZD7 Arginine kinase 
4 2 -3.456 0.032 
7 4 -1.299 0.024 

10 5.6 -1.063 0.017 

GAMN01001955 A0A226EKP9 
ATP synthase subunit beta 

(mitochondrial) 
7 6.03 -0.650 0.005 

10 14.05 -0.995 0.015 
GAMN01011144 A0A226DWW2 Larval cuticle protein LCP 17 10 2 1.442 0.013 
GAMN01020501 A0A226EZR0 Cathepsin L1 10 2 1.159 0.041 

GAMN01026212 A0A226EFF0 
Homeotic protein 

Ultrabithorax 
10 1.47 0.702 0.004 

GAMN01006864 A0A226DXE7 Cuticle protein 6 10 2 -1.675 0.002 

GAMN01000398 A0A226CYQ0 
Peptidyl-prolyl cis-trans 

isom. B 
10 2 -1.436 0.007 

GAMN01026508 A0A226E3W2 Histone H4 10 5.96 -1.157 0.005 
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Fifteen proteins were downregulated when compared to control samples, although at different 

time-points. The remaining five significantly differential proteins were upregulated as compared 

to the controls. Level of actin and glutathione S-transferase proteins (involved in detoxification 

and stress response) were increased after two days of exposure, while locomotor myosin and 

another actin protein showed lower protein levels after 2 and 4 days of exposure. Three 

different vitellogenins (VTGs), precursors of egg yolk proteins essential as nutrient source of 

invertebrates during embryogenesis, were found in significantly lower values after 4 days in 

exposed organisms. Two larval cuticle proteins were downregulated after 4 days and a cuticle 

protein 6, after 10 days, indicating a developmental impairment after exposure. Also, cathepsin 

L1 and homeobox protein ultrabithorax, important developmental proteins, were significantly 

upregulated after 10 days of exposure. Arginine kinase and ATP synthase, two important 

proteins in energy production, presented lower levels in exposed animals after 7 and 10 days of 

exposure. A transcriptional subunit (RPAC1) of RNA polymerases I and III was found to be more 

abundant only after 10 days, with opposite observation during the previous time-points (2, 4, 

and 7 days). Histone H4 and a Peptidyl-prolyl cis-trans isomerase B (PPIB), involved respectively 

in transcriptional regulation and redox maintenance, also revealed lower levels after 10 days of 

exposure.  

 

3.4 Gene - protein correlations  

For a better understanding of the causal chain from gene to phenotype, differentially expressed 

genes and their synthesized proteins were submitted to correlation analysis. As expression 

levels were considered in a time series, correlations of datasets from different time-points were 

investigated to clarify the effect of time in these correlations using Spearman's rank correlation 

coefficient, rs; p < 0.05. Correlation coefficients between datasets from different time-points are 

illustrated in Figure 4.4A. 

Correlation analyses highlight the observation that gene expression profiles consistently 

presented positive and significant correlations with corresponding protein levels of the 

consecutive time-point: 2 days gene expression vs 4 days protein levels – rs = 0.787, p = 0.0002; 

4 days genes vs 7 days proteins – rs = 0.769, p = 0.0004; 7 days genes vs 10 days proteins –  rs = 

0.654, p = 0.002. The correlations between datasets from the same time-point were generally 

low and not significant. Correlations among the transcription profiles between some time-points 

were also found to be significant but the only positive correlation was observed between the 7 
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days and 10 days transcripts (rs = 0.537; p = 0.001). For a more integrative overview, a PCCA 

analysis was performed and the spatial distribution of variables is given (Figure 4.4B).  

 

 

Figure 4.4 Correlations between differential protein levels and correspondent differentially expressed 
genes of Folsomia candida. A. Heatmap with a Spearman rank correlations matrix. Color gradation 
represents increasing correlation coefficients; B. PCCA analysis between variables along consecutive 
time-points, following a correlation matrix. 

 

Only the first two factors (F1, F2) are represented in the PCCA analysis, accounting for 81.2% of 

total representation. F1 accounted for 53.4% of total variance, with 2 days proteins, 7 days 

transcripts and 10 days proteins as the most representative variables. The latter two variables 

correlated negatively to the first but were positively correlated with each other. The 2 and 4 

days transcripts were the most representative variables of F2 (27.8% of total covariance), which 

were negatively correlated and meaning opposite gene expression levels between these two 

time-points. Such results are indicative of the fluctuation in transcription along time. The 

distribution of variables confirmed the results obtained from the Spearman correlation analysis, 

where gene expression after 2, 4, and 7 days presented a closer distribution to the 

corresponding protein levels from the consecutive time-points (4, 7, and 10 days, respectively).  

 

4. Discussion 

To link mechanisms of toxic action through the different levels of biological organization 

considered (reproduction to gene and protein expression), a reproduction EC50 was estimated 

(127 mg (a.i.) kg-1 of soil) and the organisms were exposed to this concentration for subsequent 
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-omics analysis. The exposure resulted, however, in 76% inhibition in reproduction instead of 

the expected 50% effect, while also demonstrating lethality in approximately 26% of the 

organisms. Transcriptomics results were indicative of those possibly systemic and lethal effects 

(mainly after 7 and 10 days), caused by chlorothalonil. Chlorothalonil exerts its toxic effects 

primarily through binding to thiol-rich molecules such as glutathione, a non-enzymatic 

antioxidant critical to the function of enzymes involved in detoxification, antioxidant protection 

against reactive oxygen production, and cellular respiration (Elskus, 2012; Wang et al., 2010). Its 

mode of action (MoA) in fungi appears to be strongly predictive for effects on other non-target 

organisms. In mammals, fish, and invertebrates, chlorothalonil also affects enzymes and 

processes associated with glutathione (Elskus, 2012), leaving glutathione-dependent enzymes 

unable to function. The affected transcripts through time were mostly coding for thiol rich or 

glutathione dependent molecules (Figure 4.2C), potentially being targeted by the fungicide. It is 

clear here that the fungicide formulation affected these glutathione dependent metabolic 

processes and these effects were extended over time, leading to cytotoxicity and compensatory 

cell proliferation (Figure 4.3). These effects were previously reported in other non-target species 

and will be further discussed.  

After 2 and 4 days of exposure, an up-regulation in glutathione metabolic process (GO:0006749, 

Figure 4.3) was observed, involving the up-regulated GST transcript (GAMN01000417; GstS1) 

and the related maleylacetoacetate isomerase 2 (GAMN01006942; GstZ2). The glutathione 

related thioredoxin reductase (GAMN01003890; Trxr-1) and antioxidant superoxide dismutase 

(GAMN01002162; SOD) were also up-regulated at this first time-points, associated with a 

response to ROS and detoxification pathways). Significantly increased GST levels were also 

detected after 2 days through the proteomics analyses (Table 4.2). Given the reported fungicide 

MoA, this up-regulation in GST, GST related genes, and GST protein levels can be seen as an 

attempt to counteract the inactivation of such glutathione dependent enzymes and forthcoming 

oxidative stress by producing more of these proteins. 

Indeed, inhibition in glutathione dependent enzymes causes an increase in cellular ROS 

metabolites (Armstrong et al., 2002). Hence, the fungicide formulation also revealed extensive 

oxidative stress effects (GO:0006734, GO:0055114, GO:0006979; Figure 4.3), to which a 

response started to be evident after 4 days of exposure (Figure 4.3). Such effects could also, 

next to glutathione conjugation with chlorothalonil, be due to cellular respiration stimulation (as 

response to stress) or enzymatic inhibition (protein binding and inactivation). This has been 
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reported in literature for other non-target species exposed to chlorothalonil (da Silva Barreto et 

al., 2017; Suzuki et al., 2004). 

Moreover, the significantly affected pathways in the up-regulated transcripts, after 4 days, are 

strongly related to cellular detoxification (Figure 4.3) and immune response activation 

(melanization and octopamine metabolism; Figure 4.3). Many insects use melanization process 

as a wound healing, cuticle tanning or as an immune defense mechanism against foreign 

molecules (Cerenius and Soderhall, 2013; Nakhleh et al., 2017). Melanin synthesis begins with 

conversion of phenylalanine to tyrosine and is an irreversible step. In the present work, this 

catabolic pathway (GO:0001020) is highlighted at the transcriptome level after 2 days of 

exposure (Figure 4.3). After 4 days, the up-regulation in gene expression reflected that these 

events were related to a melanization defense response in F. candida (GO:0032287), highlighted 

in Figure 4.3. This associates melanin formation to the immune pathway of F. candida. Immune 

response activation after 4 days is also highlighted by increased metabolism of 

neurotransmitters dopamine and octopamine (Figure 4.3), which are often associated to 

extreme stressful conditions (Kong et al., 2018). Dopamine is also reported to be directly 

involved in insect melanization (Vavricka et al., 2010).  

The observed response to misfolded proteins (GO:0035966, GO:0051788), or increased protein 

processing (GO:0016485), significantly affected by the up-regulated transcripts from 4 to 10 

days, is a cellular stress response related to the endoplasmic reticulum (ER), due to 

accumulation of toxic, unfolded proteins within the ER lumen, where these are firstly 

synthesized, stored and conjugated (Sharma et al., 2008). ER is especially abundant in 

mammalian hepatocytes in which intensive protein, lipid, and carbohydrate metabolism takes 

place and detoxification mechanisms are common. Effects of chlorothalonil have been 

previously reported to be detected in such tissues of fish and rats (Davies and White, 1985; 

Sánchez Garayzar et al., 2016; Suzuki et al., 2004). The functionally equivalent tissue in 

Collembola is the gut epithelium. The strong nucleophilic affinity of chlorothalonil to thiol rich 

enzymes (containing cysteine and methionine amino acids) leads to protein dysfunction. 

Stimulated cysteine and methionine metabolism (GO:0000270) after 2 and 4 days of exposure 

could be related to protein synthesis as a response to this targeted nucleophilic attack by the 

pesticide in the ER, despite the effect of methylation of small molecules must also be considered 

after 4 days of exposure (GO:0044283), resulting from induced stress.  

All the above mentioned effects might have led to the subsequently observed cytotoxic effects, 

such as positive regulation of cell cycle arrest (GO:0071158), stress-activated MAPK 
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(GO:0051403) and NOD ½ (GO:0000230) cascades, DNA methylation (GO:0010424), and DNA 

repair (GO:0006281) verified after 7 and 10 days of exposure (Figure 4.3). Similar effects were 

previously described in a study published by Wilkinson and Killeen (1996), where evidence of 

renal compensatory hyperplasia were reported, ultimately progressing to tumor formation in 

rodents exposed to chlorothalonil (minimum of 3.8 mg kg-1 day-1). Such effects were shown to 

occur mainly in animal´s liver and kidney, since these are the tissues where main detoxification 

occurs and where higher concentrations tend to accumulate. Here, the enrichment of biological 

processes such as the above mentioned positive regulation of cell cycle arrest, or positive 

regulation of growth rate (GO:0040010) and increased translation mechanisms (GO:0006432; 

GO:0006383; GO:0006360) in exposed organisms (Figure 4.3) can be indicative of compensatory 

and dysregulated development. It is a well characterized feature that leads to carcinogenesis 

(Brooks Robey et al., 2015; Sánchez Garayzar et al., 2016). The proteomics approach also 

revealed increased levels in RNA polymerases I and III subunit RPAC1, cathepsin L1 and 

homeotic ultrabithorax proteins after 10 days of exposure, which is in line with the gene 

expression analysis results. The particular increase in cathepsin L1 is often associated with 

neoplastic proliferation regulation, either by gene amplification or by post-transcriptional 

modification (Mohamed and Sloane, 2006; Olson and Joyce, 2015). Despite not observed in the 

present work (until 10 days), exposure to the chlorothalonil formulation might have led to gut 

epithelium malformation, which could support the mortality observed after 28 days (26%) in the 

parallel reproduction test.  

Reproduction-related biological processes were also affected after exposure to chlorothalonil 

formulation, such as vitelline membrane formation (GO:0030704), eggshell formation 

(GO:0030703) and ovulation (GO:0030728), whose associated genes were observed to be down-

regulated, mostly after 4 and 10 days of exposure (Figure 4.3). Both gene and protein datasets 

revealed a significant down-regulation of vitellogenins (VTGs) after 2 and 4 days of exposure. In 

oviparous vertebrates and invertebrates, the egg yolk-precursor proteins, VTGs, are very 

important in oocyte maturation (Silva-Neto et al., 1996). In insects and nematodes, vitellogenin 

is produced in fat bodies and taken up by the developing oocytes to be stored as a reserve food-

source for the future embryo development (Almenara et al., 2013; Tufail and Takeda, 2008). 

Thus, depletion of this protein might partially explain the observed impairment in the 

reproductive output caused by the exposure in the parallel reproduction test performed 

(around 77%). The transcriptional down-regulation analysis also revealed impairment in normal 

development of the organisms, evidenced by an inhibition in the molting cycle (GO:0007591) 
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and chitin metabolism (GO:0006030) of F. candida (Figure 4.3). This down-regulation was 

reflected in protein levels, inferred by the lower levels of different cuticle proteins (Table 4.2) in 

exposed organisms. Interestingly, these down-regulated developmental features were both 

observed at 4 and 10 days of exposure, which might suggest that both reproduction and molting 

cycles, highly energy demanding processes, were simultaneously suppressed in F. candida to 

cope with the pronounced effects caused by the pollutant. At a higher level, these 

developmental effects were confirmed by the impaired molts in adults and the heterogeneous 

sized juveniles, observed in the higher concentrations of the chlorothalonil spiked soil samples 

at the end of the reproduction tests.   

 

4.1 Gene - protein correlations 

Predicting protein levels from previous mRNA levels provide a better interpretation on the 

functional endpoints addressed and different studies have focused in the correlations between 

these datasets along different organisms and tissues, in an attempt to verify the viability of such 

predictions (Edfords et al., 2017). However, some reports following a genome-wide analyses 

concluded that gene and protein abundances are not sufficiently correlated to act as proxies for 

each other, with only about 40% explanatory power (Payne, 2015; Vogel and Marcotte, 2012). 

There are thus several biological aspects to consider when facing these poor correlations 

between datasets, especially with eukaryotes, such as transcriptional and translational 

machineries and cell regulatory events, which can therefore result in different correlations for 

the same set of genes and proteins (Edfords et al., 2017).  

However, correlations have been shown to be more significant when applying a more restricted 

approach, focusing on specific sets of genes or specific tissues (Kosti et al., 2016; Koussounadis 

et al., 2015). Another major factor to consider when testing correlations between gene 

expression and protein levels is time. The mentioned transcriptional and translational regulatory 

mechanisms, together with the difference in the average half-life of mRNA and proteins, 

normally much lower for mRNA due to the lower stability, can also negatively affect the 

correlation of RNA to protein conversion (Payne, 2015; Vogel and Marcotte, 2012). Differences 

in half-life suggest that transcript abundance in earlier time-points may be better correlated 

with protein abundance at later exposure stages. In the present study the focus was given to the 

list of differential protein levels and correspondent differentially expressed genes, which 

provided significant correlations between time-points. In fact, the higher correlations were 
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observed between gene and protein datasets of consecutive time-points (e.g. 2 days gene 

expression versus 4 days protein levels), highlighting the importance of following a time-series 

analyses between gene and protein expressions (Figure 4.4). None of the datasets from the 

same time-point presented significant correlations, which can substantially relate with the low 

correlations found in many related studies following single sampling time-points. 

Overall, the information provided by these two levels of omics datasets revealed to be 

complementary and highly correlated through time.  

 

5. Conclusions 

Through an integrative analysis between different levels of biological organization, it was 

possible to unravel the mechanisms of toxic action of a chlorothalonil-based formulation, widely 

used as fungicide, in the key invertebrate F. candida, following a time series experimental 

design. This design allowed us to compile several isolated reported effects of chlorothalonil in a 

single experiment. By binding to thiol rich molecules, the pesticide mainly affected processes 

involved with detoxification and excretion, immune response, cellular respiration, protein 

metabolism and ROS metabolism, causing cytotoxicity and abnormal cell proliferation, and 

leading to impairment in development and reproduction. Focusing on the differentially 

expressed genes and protein levels it was possible to observe significant correlations between 

these datasets and a pattern in these correlations over time. Integrated omics could thus 

provide useful insights that could hardly be inferred from individual analysis of gene or protein 

expressions, proving the relevance and benefit from integrative analyses in toxicological studies 

to develop early warning markers to be consolidated in risk assessment frameworks.  
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