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Abstract
Freshwater habitats are under stress from agricultural land use, most notably the 
influx of neonicotinoid pesticides and increased nutrient pressure from fertilizer. 
Traditional studies investigating the effects of stressors on freshwater systems are 
often limited to a narrow range of taxa, depending heavily on morphological exper-
tise. Additionally, disentanglement of multiple simultaneous stressors can be difficult 
in field studies, whereas controlled laboratory conditions do not accurately reflect 
natural conditions and food webs. To overcome these drawbacks, we investigated the 
impacts of two agricultural stressors (the neonicotinoid insecticide thiacloprid and 
fertilizer) in full- factorial design in a semi- natural research site, using environmental 
DNA sampling to study three different taxonomic groups representing three trophic 
levels: bacteria (decomposers), phytoplankton (primary producers), and chironomids 
(consumers). The results show considerable impact of both stressors across trophic 
levels, with an additive effect of fertilizer and thiacloprid on community composi-
tion at all levels. These findings suggest that agricultural stressors affect the entire 
food web, either directly or through cascade reactions. They are also consistent with 
morphological assessments that were performed in the same study site, even at a 
lower number of replicates. The study presented shows that the use of multimarker 
environmental DNA provides a more comprehensive assessment of stressor impacts 
across multiple trophic levels, at a higher taxonomic resolution than traditional sur-
veys. Additionally, many putative novel bioindicators for both agricultural stressors 
were discovered. We encourage further investigations into stressors impacts at dif-
ferent trophic levels, which will lead to more effective monitoring and management 
of freshwater systems.
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1  |  INTRODUC TION

Freshwater ecosystems contain a rich diversity of both taxa and 
microhabitats, despite the fact that they cover <1% of the Earth’s 
surface. They are disproportionately affected by anthropogenic 
impacts, and seem to be under greater threat than terrestrial and 
marine systems (Dudgeon et al., 2006; WWF, 2014). Effective mon-
itoring of biological quality of freshwater systems is essential for 
timely interventions, especially since freshwater is not only import-
ant for the management of aquatic flora and fauna, but also for the 
“ecosystem services” that are essential to people’s well- being and 
health (Corvalan et al., 2005).

One of the most important stressors to freshwater systems is 
agricultural land use as many freshwater habitats are directly con-
nected to agricultural areas. Next to the removal and fragmenta-
tion of habitat, pesticide and fertilizer use are the most prominent 
stressors here (Matson et al., 1997; Schreiner et al., 2016). While 
pesticides are used on agricultural land to prevent crop losses by 
pests, they may enter adjacent freshwater through spray drift, run- 
off, and seepage. The widespread use of neonicotinoid insecticides 
in agriculture has been subject of debate as they are found to im-
pact nontarget species, including many freshwater invertebrate 
species (Morrissey et al., 2015; Pisa et al., 2014; Raby et al., 2018), 
and have the potential to disrupt the entire food web (Yamamuro 
et al., 2019). Research has shown that neonicotinoid insecticides 
can negatively impact macroinvertebrate communities and have 
significant effects on food web structuring since invertebrates are 
critical in the transfer of nutrients from the primary producers to 
the consumers at the top of the food chain (Chagnon et al., 2015; 
Van Dijk et al., 2013; Schrama et al., 2017). The effects of neonic-
otinoids and the interaction with other common stressors such as 
increased influx of nutrients or fine sediments have been studied 
via morphological assessments in model systems (Barmentlo et al., 
2019; Chará- Serna et al., 2019), showing alternative impacts of 
neonicotinoids to macroinvertebrate communities in combination 
with other stressors.

Traditional morphological surveys, such as employed in the 
above- mentioned studies, have several drawbacks which have 
implications on the quality and quantity of data that are col-
lected. Morphological assessments of macroinvertebrate com-
munities rely on skilled taxonomists, may be biased between 
assessors (Haase et al., 2010) and are labour- intensive and there-
fore often expensive (Jones, 2008). The costs specifically affect 
decisions made on sampling frequency and intensity, and the 
time- consuming nature can cause delays that prevent timely inter-
ventions into impacted systems (Keeley et al., 2018). Additionally, 
traditional morphological surveys are limited in accurately as-
sessing many taxa that are likely to be affected by stressors, such 
as bacteria or planktonic organisms. Tools used to assess impact 
of pollutants on the aquatic ecosystem thus need to be refined 
(Schwarzenbach et al., 2006).

In the last decade, molecular tools, including environmental DNA 
(eDNA) metabarcoding, are being more routinely used for detecting 

and identifying taxa. Environmental DNA refers to any DNA col-
lected from the environment without specifically collecting or iso-
lating target specimens (Taberlet et al., 2012), and has become a 
popular tool in surveying freshwater metazoans (e.g., Hänfling et al., 
2016; Shaw et al., 2016). The use of eDNA has also found its way 
into environmental impact studies, such as studies on the impact 
of aquaculture on benthic sediments (Pochon et al., 2015; Stoeck 
et al., 2018). eDNA enables the detection of other, potentially more 
informative, organism groups than those studied in traditional im-
pact studies (Macher et al., 2018). The use of eDNA allows for the 
defining of new indicators to stressors (e.g., Chariton et al., 2014; Li 
et al., 2018), and metabarcoding techniques can lead to the creation 
of new molecular operational taxonomic unit (MOTU)- based biotic 
indices (Apothéloz- Perret- Gentil et al., 2017). Despite their poten-
tial, most eDNA- based impact assessments still focus on one or few 
taxonomic groups, and only recently have multimarker approaches 
been introduced to evaluate different taxonomic groups simultane-
ously (Andújar et al., 2018; Cordier et al., 2019; Keeley et al., 2018; 
Laroche et al., 2018; Li et al., 2018), and even some taxonomy- free 
approaches (Apothéloz- Perret- Gentil et al., 2017; Armstrong & 
Verhoeven, 2020; Cordier et al., 2018).

Impact assessments are often performed directly in the field, 
where the myriad of simultaneous stressors make it difficult 
to identify the impact of individual stressors (Côté et al., 2016; 
Piggott et al., 2015). Multitrophic eDNA approaches have proven 
to provide stronger correlations with environmental variables 
than approaches that use a single guild (Keeley et al., 2018), but 
the possibility that different guilds respond differently to stress-
ors make interpretation of novel multitrophic eDNA approaches 
in natural settings difficult. Due to a lack of multitrophic impact 
assessment studies where results gathered using eDNA and tra-
ditional approaches are combined, it remains unclear to what ex-
tent eDNA- based assessments can accurately detect the impacts 
in such complex environments.

In this study, we assess the impact of two main agricultural 
stressors on multiple trophic levels in naturally colonized freshwa-
ter communities in outdoor experimental ditches. In a full factorial 
setup, we use eDNA to assess the single and combined impacts of 
fertilizer and pesticide (the neonicotinoid thiacloprid) application on 
the richness, taxonomic composition and community dissimilarity 
of three trophic levels: bacteria, representing decomposers; phy-
toplankton, representing primary producers; and chironomids, as 
representatives of the primary and secondary consumers, as well as 
a traditional indicator group for water quality. Using eDNA in this 
experimental impact assessment allows us to achieve the following 
aims: (1) to assess multitrophic impacts on taxon groups that may 
be sensitive to stressors, but are not traditionally used in freshwa-
ter impact assessments due to their difficulty in identification, using 
novel multimarker eDNA approaches; (2) to assess the impact of two 
agrochemicals on freshwater communities, while also being able to 
compare results with a concomitant traditional morphology- based 
impact study (Barmentlo et al., 2019); and (3) to pinpoint potential 
new bioindicators for the health of freshwater ecosystems.
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2  |  MATERIAL S AND METHODS

2.1  |  Experimental setup

Environmental DNA sampling was performed in 20 experimental 
ditches located in the outdoor research facility the “Living Lab”. 
Ditches were 10 m long, with a width of 0.8 m and a depth of 0.3 m, 
and dug adjacent to an existing water level compensation reser-
voir in Oegstgeest (The Netherlands) that is connected to the Old- 
Rhine watershed via canals (Figure S1). The experimental ditches 
were directly connected to the reservoir, but could be closed off 
with acrylic plates. The surrounding grassland has been unculti-
vated for the past 30 years, and there is no agricultural activity 
in close proximity (see Barmentlo et al., 2019) for a more detailed 
description of the site and treatments). Prior to the experiments, 
ditches were left connected to the adjacent reservoir for 6 months 
to allow for natural colonization of freshwater communities in the 
ditches. Before starting the experiment, ditches were hydrologi-
cally closed off using acrylic plates to isolate the ditches from the 
reservoir. Subsequently, the ditches were exposed to two differ-
ent agrochemical stressors in a full factorial design (five ditches 
per treatment): (1) control, with no added substances; (2) addition 
of the insecticide thiacloprid (Sigma- Aldrich) in two spikes (week 
20 and 22) with a nominal time weighted average concentration 
for 1 month of 0.4 µg/L; (3) addition of nutrients in the form of 
three sachets with 75 g of slow- releasing artificial fertilizer granu-
lates (“Osmocote”; N:P:K = 15:9:11 combined with microelements) 
per ditch that were replaced every 6 weeks; and (4) a combination 
of thiacloprid and fertilizer in the same concentrations and appli-
cation as described for the single- treatment ditches. Thiacloprid 
is used as a model neonicotinoid insecticide, as it is known to be 
toxic to nontarget organisms, and abundantly present in surface 
waters in the Netherlands (Barmentlo et al., 2019; Vijver et al., 
2008). Even though thiacloprid dissipates from surface waters 
quickly, it has been shown to be continually present in surface wa-
ters, most probably due to continued supply via runoff. To ensure 
thiacloprid was present in environmentally relevant concentra-
tions, two biweekly spikes were applied. Before the application of 
the treatments, measurements found no thiacloprid in the water 
(see also Barmentlo et al., 2019).

2.2  |  Sampling and DNA extraction

Environmental DNA sampling was performed in five replicate ditches 
for each treatment (20 in total) at four time points: 2 weeks prior 
to the start of the treatment (1 May 2017; week 18), and 2 weeks 
(31 May 31, 2017; week 22), 4 weeks (13 June 13, 2017; week 24) 
and 7 weeks (6 July 2017; week 27) after the start of the treat-
ments. Surface water samples were collected in the morning from 
the centre of each ditch using sterilized bottles and filtered within 
2 h in the laboratory. Filtration was performed using 0.2 μm poly-
ethersulphone (PES) filter membranes (Sartorius) placed in sterilized 

Nalgene filter units (Thermo Fisher) attached to a vacuum pump. Up 
to 300 ml of water (until membrane clogged) was filtered for each 
of the 20 ditches. After filtration, membranes were stored in 700 µl 
CTAB at – 20°C until extraction. A modified CTAB extraction proto-
col adapted from Turner et al. (2014) was used for DNA extraction 
(Beentjes, Speksnijder, Schilthuizen, Hoogeveen, & van der Hoorn, 
2019). DNA precipitation was performed overnight at – 20°C on 
500 µl aqueous phase, with 1000 µl 96% ethanol, 360 µl 3 M sodium 
acetate and 3.0 µl glycogen.

2.3  |  DNA amplification and MiSeq sequencing

Three different markers for three different taxa groups were ana-
lysed separately: a ±400 bp fragment of 18S rRNA V4 subregion 
for diatoms and other phytoplankton (Zimmermann et al., 2011), a 
273 bp fragment of the 16S rRNA for bacteria (Klindworth et al., 
2013) and a 235 bp fragment of COI for chironomids (Bista et al., 
2017) (for primers, see Table S1). The primers for the 18S rRNA V4 
region were originally designed for diatom studies, but (unpublished) 
comparisons of various phytoplankton primers showed these prim-
ers had a broad coverage of multiple phytoplankton groups, and 
the subregion has relatively good coverage in NCBI Genbank. For 
each of the PCRs, all of the 80 reactions for each marker (20 rep-
licate ditches, four time points) were performed in duplicate. The 
chironomid PCR contained two samples of DNA extracted from two 
chironomid specimens unlikely to occur in the setup (Einfeldia pa-
gana and Tanytarsus brundini), which were used to estimate cross- 
contamination between samples during the amplification.

Dual- indexed Illumina amplicon libraries were prepared using a 
two- step PCR protocol, in which the first PCR used primers with 5′ 
Illumina tails. Initial PCRs were performed in 25 µl reactions con-
taining 1x Phire Green Reaction Buffer, 0.5 mM dNTPs, 0.5 µl Phire 
Hot Start II DNA Polymerase (Thermo Fisher), 0.5 µM of each primer 
and 2.0 µl of template DNA. Initial denaturation was performed at 
98°C for 30 s, followed by 35 cycles at 98°C for 5 s, 50°C for 5 s and 
72°C for 15 s, followed by final elongation at 72°C for 5 min. PCR 
products were checked on E- Gel 96 pre- cast agarose gel (Thermo 
Fisher) and cleaned with a one- sided size selection using NucleoMag 
NGS- Beads (Macherey- Nagel), in a 1:0.9 ratio. Dual- index PCRs 
were performed using 2.0 μl of PCR product from the first round in 
a 20 μl reaction containing 1x TaqMan Environmental Master Mix 
2.0 (Thermo Fisher) and 1.0 μM of each primer. Initial denaturation 
was performed at 95°C for 10 min, followed by 10 cycles at 95°C 
for 30 s, 55°C for 60 s and 72°C for 30 s, followed by final elon-
gation at 72°C for 7 min. These PCR products were quantified on 
the QIAxcel (Qiagen) and each replicate of each marker was pooled 
equimolarly separately. Pools were cleaned with a one- sided size 
selection using NucleoMag NGS- Beads, ratio 1:0.9, then quantified 
on the Bioanalyzer 2100 (Agilent Technologies) with the DNA High 
Sensitivity Kit. The pools for the bacteria and chironomids were 
combined equimolarly and sequenced on one run of Illumina MiSeq 
(v3 Kit, 2 × 300 paired- end), the pools for the phytoplankton were 
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combined equimolarly and sequenced on a separate run (v3 Kit, 
2 × 300 paired- end), both at BaseClear BV.

2.4  |  Bioinformatics

Quality filtering and clustering of all data was performed in a custom 
pipeline on the OpenStack environment of Naturalis Biodiversity 
Centre through a Galaxy instance (Afgan et al., 2018). Raw data was 
filtered with Sickle (quality threshold 20, minimum length 100 bp) 
(Joshi & Fass, 2011) and merged with flash v1.2.11 (minimum overlap 
10, mismatch ratio 0.25) (Magoč & Salzberg, 2011), nonmerged reads 
were discarded. Primers were trimmed from both ends using cuta-
dapt v1.16 (minimum match 5 bp, maximum error rate 0.2) (Martin, 
2011) and any read without both primers present and anchored was 
discarded. prinseq v0.20.4 (Schmieder & Edwards, 2011) was used 
to filter reads on length, based on sequence length histogram data 
(390– 420 bp for phytoplankton, 248– 254 bp for bacteria, 230– 
250 bp for chironomids). Sequences were dereplicated and clustered 
into MOTUs using vsearch v2.10.3 (Rognes et al., 2016) with a clus-
ter identity of 98% and a minimal accepted abundance of 2. MOTU 
tables were corrected using the occurrence of control chironomids 
in field samples with a tool based on the unspread.py script by 
Larsson et al. (2018) (https://github.com/sandb erg- lab/Sprea ding- 
Corre ction) (rate of spread 0.003, cutoff value 5 reads). This tool 
calculates and corrects for a rate of spread, based on the abundance 
of MOTUs and the position of a sample in the PCR plate (using the 
Illumina index labels). Rate of spread was assumed to be identical for 
all markers. PCR replicates were combined, including all MOTUs that 
were present in at least one replicate.

Molecular operational taxonomic unit sequences were com-
pared to custom reference databases using blast+ (Camacho et al., 
2009). Phytoplankton MOTUs were compared to a data set that in-
cluded all 18S rRNA sequences from GenBank (Release 227, Benson 
et al., 2005) (sequences downloaded 21 August 2018), bacteria were 
compared to Silva SSUParc (Release 132, Quast et al., 2013), chi-
ronomids were compared to a custom reference database (Beentjes, 
Speksnijder, Schilthuizen, Hoogeveen, Pastoor, et al., 2019) based on 
specimens collected in the Netherlands as part of a national DNA 
barcoding campaign (Beentjes et al., 2015), supplemented with se-
quences obtained from BOLD (Ratnasingham & Hebert, 2007).

2.5  |  Taxonomic assignment and diversity analysis

A 98% cutoff was used for species- level identification, and a custom 
lowest common ancestor (LCA) script was used to identify MOTUs in 
those cases where no direct hits above 98% with the reference da-
tabase were found (Beentjes, Speksnijder, Schilthuizen, Hoogeveen, 
Pastoor, et al., 2019). The same settings were used for all three data 
sets to keep the analyses consistent. LCA was performed on the 
top 10% hits with bitscore >170, a minimum identity of 85% and a 
minimum coverage of 90% (90% identity and 100% coverage for the 

bacteria). The LCA was set to identify MOTUs no further than genus 
level. Chironomid identifications above species level were cross- 
checked against a blast against NCBI Genbank to rule out potential 
false positives due to the limited reference (only Chironomidae se-
quences) that could bias the LCA. Nontarget MOTUs were removed 
prior to subsequent analyses. For bacteria these were nonbacterial 
MOTUs (such as chloroplast and mitochondria), for phytoplankton 
these were any MOTUs that were not assigned to a phytoplankton 
group on at least phylum level, and for chironomids any MOTU’s not 
assigned to at least genus level and nonchironomids). Read data was 
normalized per sample to account for differences in read depth be-
tween samples. Differences in relative abundances in time, relative 
to the control samples, are assumed to be caused by the treatments 
(Barmentlo et al., 2019; Beermann et al., 2018).

2.6  |  Statistical analyses

Potential effects of the agrochemicals and time were assessed on 
the three different communities (bacteria, phytoplankton and chi-
ronomids). The effects of both fertilizer, thiacloprid, time, and all 
possible interactions were investigated on the normalized MOTU 
abundances using permutational analysis of variance (PERMANOVA, 
function adonis, R package vegan (Oksanen et al., 2019)). Bray- Curtis 
was used as measure for dissimilarity, with 999 permutations. We 
accounted for the repeated measure design by including ditch num-
ber as a random variable. Differences in richness were analysed with 
ANOVA (R package stats). PCoA plots were created using function 
pcoa (R package ape (Paradis & Schliep, 2018)). Distances between 
centroids were calculated using centroid coordinates obtained via 
the betadisper function (R package vegan). Potential effects on beta 
dispersion were investigated by using distance- based dispersion 
tests (function betadisper, R package vegan). Correlation between 
the distance matrices for the three communities analyzed in this 
study and the morphological assessment was investigated using a 
Mantel test (function mantel.rtest, R package ade4 (Dray & Dufour, 
2007), 999 permutations). Indicative MOTUs for each of the treat-
ments independently were identified using the multipatt function (R 
package indicspecies (De Cáceres & Legendre, 2009), 999 permuta-
tions), which uses the specificity (the probability that a ditch belongs 
to the treatment group given that a MOTU has been observed) and 
fidelity (the probability of finding a MOTU in ditches belonging to 
the treatment) to calculate in the indicator value (IndVal) of each 
MOTU (De Cáceres et al., 2010). All MOTUs with either specificity 
or fidelity scores below 0.5 were omitted, even if the indicator value 
was significant.

Morphological assessment in the original study by Barmentlo 
et al. (2019) was performed at three moments: before treatment, 
1 month after treatment (June) and 4 months after treatment 
(September). The assessment in June was performed at the same 
time (directly after eDNA sampling) as the “week 24” measurement 
presented in this study. Data from the morphological assessment in 
June was compared directly to eDNA results from the same week.

https://github.com/sandberg-lab/Spreading-Correction
https://github.com/sandberg-lab/Spreading-Correction
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3  |  RESULTS

3.1  |  Sequence run statistics and taxonomic 
assignment

The two chironomid species used as cross- contamination con-
trol contributed to a maximum of 0.25% of read data, although 
this was inflated in a few cases due to low number of total 
reads in a sample. After applying the filter to correct for cross- 
contamination, none of the samples contained any reads for the 
control species. Similarly, all MOTUs present in the negative 
controls (PCR blanks) were filtered out by the correction (before 
correction, negative controls had an average of 153.8 reads vs. 
14,608.4 on average in the samples). After merging and filtering, 
6,751,664 reads were retained for bacteria, 4,553,770 for phyto-
plankton and 2,396,387 reads for chironomids (File S1). The chi-
ronomid data set also had a large proportion of reads (2,781,001) 
that did not conform to the expected length, this “by- catch” was 
mostly identified as oomycetes and discarded from the data set 
prior to analysis. After clustering, and with the correction for 
cross- contamination applied, the replicates combined and non-
target MOTUs omitted, there was a total of 5383 MOTUs for 
bacteria, 2819 for phytoplankton and 692 for chironomids. The 
bacteria data contained 4011 MOTUs (74.5% of total MOTUs, 
representing 61.0% of reads) that could be identified at least at 
phylum level, with the largest groups being Gammaproteobacteria 
(30.1%) and Bacteroidetes (20.9%). In the phytoplankton data, 
1773 MOTUs (62.9% of total MOTUs, representing 54.2% of 
reads) could be identified to at least phylum level of relevant taxa, 
mostly Chlorophyta (45.4%) and Stramenopiles (34.5%). For the 
chironomid data set, 368 MOTUs (53.2% of total MOTUs, repre-
senting 44.8% of reads) could be identified as Chironomidae at 
genus or species level, representing 64 species from 35 genera; 
207 MOTUs were only identified to genus level. One sample (a 
sample from a ditch with a fertilizer treatment from week 18) did 
not contain any chironomid reads. The morphological study by 
Barmentlo et al. (2019) confirmed the presence of chironomids 
in this ditch, which meant the non- detection could not be trans-
lated in to an absence of chironomids; the sample was therefore 

omitted from the analyses presented here. Both MOTU richness 
and richness based on aggregated taxon data show no relevant 
significant differences between treatments (Figure S2), neither 
was there any correlation between the filtered volume and the 
MOTU and taxon richness (data not shown).

TA B L E  1  PERMANOVA results (F- statistic, R2 and p- values) for the different treatments and the combined effects, including the three- 
way interaction with time, for data from all measurements combined. Significant p- values are shown in bold

Bacteria Phytoplankton Chironomidae

F R2 p- Value F R2 p- Value F R2 P- Value

Thiacloprid 6.823 .034 .001 2.605 .017 .001 4.068 .038 .001

Fertilizer 12.329 .061 .001 6.751 .044 .001 1.192 .011 .001

Time 29.331 .436 .001 19.850 .387 .001 8.950 .254 .001

Fertilizer:Thiacloprid 2.170 .011 .001 1.893 .012 .001 1.017 .010 .001

Thiacloprid:Time 3.100 .046 .002 2.115 .041 .016 1.531 .043 .041

Fertilizer:Time 4.785 .071 .001 2.911 .057 .002 0.872 .025 .695

Fertilizer:Thiacloprid:Time 1.543 .023 .195 1.287 .025 .269 0.846 .024 .755

F I G U R E  1  Average distance from centroid to the control 
centroid, for each of the taxonomic groups. (a) bacteria, (b) 
phytoplankton, and (c) chironomids. Moments of treatment 
application for thiacloprid (T) and fertilizer (F) are provided on the 
x- axis of panel (c) 
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3.2  |  Effects on community dissimilarity and 
composition

Before the application of any agrochemical, there were no statis-
tically significant differences between community species com-
positions of the prospective treatments. After application of the 
agrochemicals, fertilizer and thiacloprid addition showed a signifi-
cant interaction, irrespective of time, leading to dissimilar communi-
ties relative to the control for all three communities (p = .001 for 
all comparisons) (Table 1). The interaction between thiacloprid and 
fertilizer was most pronounced in the weeks directly after applica-
tion of thiacloprid (Figure 1). Two weeks after the start of the treat-
ments, the impact of thiacloprid addition was more pronounced than 
the addition of fertilizer, with the former having a significant impact 
on the dissimilarity in all groups (p = .001, Table 2), while the im-
pact of fertilizer was only significant for bacteria and phytoplankton 
(p = .021 and .001, respectively). Thiacloprid centroids were more 
distant from the control than the fertilizer centroids (visual inspec-
tion) for all three groups in week 22 and 24 (2 and 4 weeks after 
treatment), indicating that thiacloprid had a greater effect on the 
community composition in the short- term than fertilizer. This re-
versed after the addition of fresh fertilizer pellets in week 25 as the 
effects of fertilizer became more pronounced compared to those of 
the thiacloprid addition (Figure 1). There was one sample in the con-
trol ditches prior to application of treatments, where we found only 
a single MOTU that was identified as a chironomid. This formed an 
outlier in the analysis of the chironomid data, and caused the cen-
troid of the control samples in this measurement (week 18) to shift 
relative to the centroids of the other sets of ditches, explaining why 

the distances between centroids in week 18 were already elevated 
prior to start of treatment (Figure 1c).

The effect of time on dissimilarity was prominent, being larger 
than most effects of the agrochemicals, indicating that continued 
species turnover occurred. Two- way interactions of time with both 
fertilizer and thiacloprid were significant for all three communities 
studied (Table 1). There were no significant three- way interactions 
for any of the three groups, indicating that the interaction between 
the effects of fertilizer and thiacloprid occurred irrespective of the 
time point sampled. Studying the individual weeks separately, there 
was a significant effect of thiacloprid addition on community dis-
similarity compared to control ditches in all three groups in weeks 
22 and 24. Fertilizer had a significant effect on the composition of 
phytoplankton and bacteria in all 3 weeks after the start of the treat-
ments (Table 2).

Beta- dispersion was significantly higher in treatments con-
taining fertilizer for both bacteria and phytoplankton (p < .001 
and p = .005, respectively), meaning that communities diverged 
when fertilizer was added to the system. Thiacloprid addition had 
a significant effect on chironomids, leading to convergence of the 
communities across the replicate ditches (p = .002) (Figure S3). 
Combined with the patterns observed in the PCoA, this indicates 
that both community composition and dispersion are responsible 
for the significance in the PERMANOVA. There were moderate, 
but significant correlations between all three Bray Curtis distance 
matrices of the three taxon groups. The correlation between bac-
teria and phytoplankton was stronger (Pearson r = .820, p = .001) 
than correlations of bacteria and phytoplankton with chironomid 
data (r = .447 and r = .465, respectively, p = .001). This indicates 

TA B L E  2  PERMANOVA results (F, R2 and p- values) for the different treatments for each of the time points evaluated separately

Bacteria Phytoplankton Chironomidae

F R2 p- Value F R2 p- Value F R2 p- Value

Week 18

Thiacloprid 0.675 .036 .809 0.502 .028 .711 1.032 .060 .352

Fertilizer 1.329 .071 .201 1.190 .066 .287 0.316 .018 .990

Fertilizer:Thiacloprid 0.728 .039 .757 0.392 .022 .803 0.964 .056 .392

Week 22

Thiacloprid 6.428 .234 .001 3.520 .144 .001 4.087 .181 .001

Fertilizer 3.044 .111 .021 3.553 .145 .001 1.460 .064 .152

Fertilizer:Thiacloprid 2.005 .073 .069 1.348 .055 .179 1.093 .048 .335

Week 24

Thiacloprid 4.318 .167 .001 3.007 .117 .004 3.006 .145 .001

Fertilizer 3.806 .147 .003 4.210 .164 .001 0.857 .041 .662

Fertilizer:Thiacloprid 1.740 .067 .114 2.514 .098 .010 0.860 .042 .636

Week 27

Thiacloprid 2.027 .061 .070 0.892 .041 .550 1.269 .066 .173

Fertilizer 13.598 .410 .001 4.119 .189 .001 1.121 .059 .311

Fertilizer:Thiacloprid 1.514 .046 .149 0.750 .034 .764 0.728 .038 .782

Note: Significant values are shown in bold
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that community dissimilarities caused comparable patterns for 
both bacteria and phytoplankton (Figure S4).

While the treatments had no apparent effect on the observed 
richness compared to control ditches (Figure S1), there were consid-
erable shifts in the relative abundance of different taxa for all three 
communities analysed in this study (Figure 2). For bacteria, most 
notable were the proportional decline of Actinobacteria in ditches 
treated with fertilizer, to the point where they almost disappeared in 
the combined treatment in week 27 (representing 0.8% of the total 
reads in combined agrochemical ditches compared to 32.2% in the 
control), and the higher abundance of Bacteriodetes in ditches with 
added thiacloprid (representing 48.5% of the total reads vs. 30.3% 
in the control ditches).

The phytoplankton community compositions changed consider-
ably as well, and were significantly affected by both fertilizer and thi-
acloprid (Table 2). The read distribution (Figure 2b) reflected these 
changes, with the thiacloprid treatment initially showing higher pro-
portions of chrysophyte reads (average of 51.3% vs. 25.8% in control 
ditches), and later showing larger relative abundances of chloro-
phytes (76.3% vs. 36.0% in control ditches). After the addition of 
fresh fertilizer pellets in week 25, treated ditches were dominated by 
various groups of chlorophytes (60.6% vs. 24.9% in control ditches), 
whereas control and thiacloprid- only ditches were dominated by the 
various stramenopile groups (60.0% vs. 27.0% in ditches with fer-
tilzer). Cryptophytes represented 11.9% of the reads in treatments 
without fertilizer, but went nearly undetected in the treatments 
with fertilizer (0.4% of the reads). At this point in time, thiacloprid no 
longer showed a significant effect on the community composition 
(Table 2).

For the chironomids, the most notable differences were ob-
served between ditches with and without added thiacloprid 
(Figure 2c). With thiacloprid addition, the genus Chironomus was no 
longer the most abundant and declined strongly in read abundance 
(12.4% in ditches with thiacloprid vs. 50.0% in control ditches), also 
compared to week 18 (before the start of treatments), where on av-
erage this genus represented 57.7% of the reads. Thiacloprid shifted 
the community composition towards genera outside of the subfam-
ily Chironominae, such as Procladius (subfamily Tanypodinae) (29.0% 
vs. 8.9% in control ditches) and Cricotopus (subfamily Orthocladiinae) 
(10.5% vs. 1.3%). This shift continued in week 24, where thiacloprid 
ditches became dominated by Procladius (47.7% vs. 13.9%), at the 
expense of Chironomus (6.8% vs. 32.2%). In week 27, Procladius re-
mained more abundant in the thiacloprid ditches, although not as 
pronounced as in week 24.

3.3  |  Indicator taxa

Indicator analysis on the three assessments after start of treatments 
separately identified 637 bacterial MOTUs, 472 phytoplankton 
MOTUs and 46 chironomid MOTUs that were indicative for either 
absence or presence of either of the two added agrochemicals in 
one or more of the three post- treatment measurements (File S2, 

summarized in Table 3). With the observations of the three assess-
ments combined (week 22, 24, 27), the indicator analysis identi-
fied 157 bacterial MOTUs, 28 of which acted as indicators for 
both agrochemicals. The majority were indicators for the absence 
of both fertilizer and thiacloprid (26), one MOTU (identified as a 
Cylindrospermum) was indicative for the presence of both agrochem-
icals. For phytoplankton, we found 115 indicators for the three sam-
pling moments combined, in which nine acted as indicators for both 
agrochemicals, either for the absence (2) or presence (7) of both 
treatments. In the combined chironomid data there were 12 indica-
tive MOTUs, with no MOTUs that acted as indicator for both agro-
chemicals. We did observe MOTUs with low fidelity values for the 
combined measurements, due to the fact that indicative MOTUs for 
all three groups were not observed in the ditches in each of the three 
assessments after the introduction of agrochemicals, but these were 
omitted from the data set.

3.4  |  Comparison to morphological assessment

Patterns observed in stressor responses as measured by distances 
between centroids in week 24 were similar for all three taxonomic 
groups assessed in this study, as well as the morphological assess-
ment of macroinvertebrates assessed by Barmentlo et al. (2019) at 
the same sampling timepoint. The thiacloprid treatment showed 
more distance relative to the control than the fertilizer treatment, 
whereas the combined treatment showing the largest deviation for 
all four assessments (Figure 3), although the morphological assess-
ment made use of nine replicate ditches instead of the five replicates 
that were used for eDNA evaluation. The distances between control 
centroids varied when using fewer replicates, but in all three eDNA 
assessments the pattern described above was observed with as lit-
tle as three replicate ditches (out of five) (Figure S5B– D). For mor-
phological data, at least seven (out of nine) replicate ditches were 
needed to reveal this pattern (Figure S5A). There were, however, no 
significant correlations with any of the eDNA- based distance matri-
ces and the distance matrix of the morphological assessment. The 
morphological assessments also showed no significant treatment ef-
fect on richness nor abundance of macroinvertebrates (Barmentlo 
et al., 2019).

4  |  DISCUSSION

We aimed to investigate the applicability of eDNA for multitrophic 
impact assessments across multiple taxonomic groups for common 
agricultural stressors, compare findings to a concomitant morpho-
logical assessment, and uncover potential novel bioindicators. Clear 
impacts of both agricultural stressors were observed for all three 
taxonomic groups. Additionally, the simultaneous introduction of 
both agrochemicals in the ditches had strong additive effects on the 
three trophic levels analysed. We show that eDNA- based impact 
assessments can provide useful insights into stressor responses in 
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F I G U R E  2  Read distributions observed for each of the different treatments and control both prior to (week 18) and after application of 
treatments (weeks 22– 27) for each of the taxonomic groups. (a) Bacteria, (b) phytoplankton and (c) chironomids, in control situation (C), and 
with added fertilizer (F), thiacloprid (T) and combined treatments (FT) 
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taxa that are usually not included in traditional assessments, with 
noninvasive sampling methods. Moreover, the responses measured 
are comparable and much more pronounced to the morphological 
assessments of macroinvertebrates conducted simultaneously dur-
ing the same experiment (Barmentlo et al., 2019) and with the previ-
ously reported effects of neonicotinoids on macroinvertebrates and 
zooplankton (e.g., Yamamuro et al., 2019). Additionally, the three 
groups evaluated in this study have been observed to contain nu-
merous putative indicative taxa that have potential as novel bioindi-
cators for agricultural stressors.

Fertilizer addition caused significant changes in community com-
position of both bacteria and phytoplankton, with replicate ditches 
showing higher dissimilarity (divergence) compared to control ditches 
(Figure S3). Community dissimilarities showed comparable patterns 
(Figure S4) and strong correlations for bacteria and phytoplankton. 
This was expected as eutrophication has long been known to be asso-
ciated with increased growth in phytoplankton (Heisler et al., 2008), 
and interactions such as nutrient cycling between phytoplankton and 
bacteria at the base of the food web (Seymour et al., 2017) render 
bacterial communities sensitive to changes in phytoplankton com-
munities (and vice versa). Chironomids were also sensitive to the 
addition of fertilizer, although these fertilized communities were gen-
erally more similar to the control than to the thiacloprid treatment 
(Figure S4). Nutrient pressure has been shown to have effects on 
freshwater macroinvertebrates in previous research (e.g., Donohue 
et al., 2009), since eutrophication can lead to oxygen depletion and 
changes in food availability, which could explain the current findings.

The thiacloprid concentration used in this study (a nominal time 
weighted average of 0.4 µg/L) is considered a realistic concentra-
tion, based on commonly observed surface water concentrations 
in the Netherlands (Vijver et al., 2008). Previous research has 
already shown that freshwater macroinvertebrates are affected 
by neonicotinoids at concentrations observed in surface water 
(e.g., Morrissey et al., 2015; Sánchez- Bayo et al., 2016). Indeed, 
thiacloprid addition had a much larger impact on the chironomid 
community composition than fertilizer addition and resulted in a 
significant convergence (Figure S3). Even after thiacloprid had dis-
sipated from the water column after only a few weeks due to its 
rapid adsorption to the sediment (DT90 = 11.1 days; Barmentlo 
et al., 2019), the legacy effect of thiacloprid was still larger than 
the effect of the fertilizer (Table 2). That thiacloprid has such a 
pronounced effect on the macrofaunal community is not surpris-
ing, given that it is an insecticide, but our data suggest a single 
spike can have a lasting impact. There was an additive effect of 
both agrochemicals, as the impact of a combined treatment effect 
of fertilizer and thiacloprid was greater than that of each treat-
ment separately, and communities under a combined treatment 
were more dissimilar relative to the control than communities ex-
posed to a single agrochemical (Figure 1, Tables 1 and 2). Most 
two- way interactions between fertilizer and thiacloprid were not 
significant, however, suggesting the effect was additive, rather 
than synergistic (Table 2).

Addition of agrochemicals strongly affected the community 
compositions. Changes in composition where most notable for 

TA B L E  3  Summarized indicator species analysis results, with the number of indicative MOTUs found for each of the three taxonomic 
groups: indicators for absence (F−) and presence (F+) of fertilizer, and absence (T−) and presence (T+) of thiacloprid. Analysis was performed 
on data from each post- treatment measurement (weeks 22, 24 and 27), and combined data of the three measurements. An overview of all 
indicator MOTUs is provided in File S2

Bacteria Phytoplankton Chironomidae

F− F+ T− T+ F− F+ T− T+ F− F+ T− T+

Week 22 52 54 128 50 60 63 39 56 1 8 13 10

Week 24 43 46 110 39 12 127 40 48 3 4 5 11

Week 27 194 109 25 4 90 91 9 2 3 0 0 3

Weeks 22– 27 79 25 73 8 42 53 15 14 3 0 1 8

F I G U R E  3  Centroid distance to the 
control centroid in week 24 (1 month 
after application of the agrochemicals), 
for the bacteria, phytoplankton, and 
chironomids assessed with environmental 
DNA, as well as the macroinvertebrates 
assessed with morphological methods 
(see Barmentlo et al., 2019), exposed to 
fertilizer (F), thiacloprid (T), and combined 
agrochemical addition (FT) 
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chironomids, for which most MOTUs could be identified at spe-
cies or genus level. Subfamilies Tanypodinae and Orthocladiinae 
seemed less susceptible to the presence of thiacloprid, consistent 
with findings from previous studies that showed significant ef-
fects on Chironominae in response to neonicotinoid insecticides 
(Langer- Jaesrich et al., 2010; Williams & Sweetman, 2019). This 
pronounced effect is despite the chironomid data set being the 
one with the most discarded nontarget MOTUs. It is also not un-
expected that the chironomid data set seems more patchy than 
other data sets, since this data is derived from actual eDNA, con-
trary to the phytoplankton and bacteria most probably caught as 
whole organisms, leading to a more heterogenous distribution 
in the water. The fact that the effects of the treatments are so 
pronounced in the chironomid data shows they are an excellent 
indicator. Optimization of sampling methods specific for arthro-
pod eDNA or of the primers designed by Bista et al. (2017) may 
improve the use of chironomids in eDNA studies such as the one 
presented in this manuscript. Whilst the direct effects of fertilizer 
on bacterial and phytoplankton communities have been studied 
before (Carvalho et al., 2013), there is little research on the ef-
fects of neonicotinoid insecticides on those communities. One 
study suggests that algal blooms appear to increase in size under 
stress from the neonicotinoid imidacloprid (Sumon et al., 2018). 
The neonicotinoid insecticide thiacloprid, meant to target pest 
insects, also seemed to affect bacterial and algal community com-
position in the present study. Our data suggests that thiacloprid 
has an important impact on the structuring of the communities 
(Tables 1 and 2, Figure 2). It is likely that some of these effects 
on phytoplankton and bacteria communities have been caused by 
food web cascades. Indeed, previous research showed that even 
under stress from pesticide mixtures, biotic interactions played 
a major role in the structuring of plankton communities (Pereira 
et al., 2018). Similarly, responses to nutrient pressure by fertilizer 
in macroinvertebrates may also partly be caused by cascade re-
actions, such as the aforementioned changes in food availability. 
Processes such as eutrophication can have a significant impact on 
total community composition and food web structure via trophic 
cascades (Davis et al., 2010; Suikkanen et al., 2013), and a recent 
study evaluating anthropogenic stressors on freshwater food 
webs showed that macroinvertebrates had different reactions 
to fertilizer, herbicide and insecticide, depending on their food 
source (Schrama et al., 2017). The authors also noted, however, 
that cascading effects in the food web were hard to explain, and 
found some suggestions of shifts in diet induced by stressors.

Results from the morphological assessment matched the ob-
served patterns presented in this study regarding dissimilarity 
relative to the control; there was an increase in effect size from 
fertilizer to thiacloprid to the mixture treatment for all communities 
investigated, although no significant effects were detected on the 
beta dispersion of the community in the morphological assessment 
(Barmentlo et al., 2019). In this study, however, we observed these 
stressor impact patterns at a lower number of replicates compared to 
the traditional assessment (Figure S3), and with a higher resolution 

(83 morphological taxa vs. 4011, 1773 and 368 MOTUs for bacteria, 
phytoplankton and chironomids, respectively). The morphological 
assessment of the macroinvertebrates revealed patterns similar to 
the eDNA assessment, with the thiacloprid treatment showing more 
distance relative to the control than the fertilizer treatment and the 
combined treatment showing the largest deviation (Figure 3), irre-
spective of the biota that were sampled. This indicates how strongly 
interconnected the different trophic levels are and that potential 
cascading food web responses to stressors can occur even in non- 
target biota, and also shows the great potential of using eDNA in 
impact assessments.

Our analyses revealed a large number of indicative MOTUs for all 
three trophic levels assessed (Table 3), suggesting that many poten-
tial new bioindicators are hidden in taxon groups that are either dif-
ficult to identify (e.g., chironomids) or are underutilized in traditional 
bioassessments of water impacted by anthropogenic stressors due 
to a lack in legislative frameworks (e.g., bacteria and phytoplankton). 
Previous research has shown that MOTU- based approaches can 
provide better resolution in impact assessments, such as with un-
described cryptic diversity demonstrating contrasting responses to 
stressors (Macher et al., 2016), or reference databases being unable 
to identify all the encountered molecular variation (Beermann et al., 
2018). Several studies have shown that MOTU- based assessment 
methods can accurately predict stressor impact on water systems 
(e.g., Andújar et al., 2018; Li et al., 2018). However, the inability to 
identify all MOTUs to species or even genus level complicates the 
ecological interpretations of shifts in communities caused by ex-
ternal stressors. Taxonomic hiatuses in the reference database are 
large, especially for microorganisms such as the freshwater bacte-
ria and phytoplankton studied in this study. Accumulating MOTUs 
based on the higher- level taxonomic assignments could be pos-
sible, in order to assign some ecological value to such indicators. 
The MOTUs, however, may represent a wide variety of ecological 
groups, and accumulating them into a single entity would decrease 
the sensitivity of any such bioindicators (Jones, 2008). While it may 
be difficult to link ecological information to unidentified MOTUs, 
they can still be of use in comparative studies, such as impact as-
sessments (Li et al., 2018).

One key limitation for assigning indicator taxa for freshwater 
communities is the large fluctuations in community composition 
over time. The large community turnover caused low fidelity scores 
for many indicator MOTUs observed in the indicator analysis on 
the combined data for the three post- treatment measurements, 
due to the fact that many MOTUs do not occur in all time points 
(Supporting Information S2). Moreover, indicator MOTUs might not 
only be specific to a certain time frame, but can also be spatially lim-
ited, as it was previously observed that indicator taxa for the impact 
of offshore oil and gas drilling (Laroche et al., 2018) or nutrient load-
ing (Clark et al., 2020) were highly site specific. Impact assessments 
based on novel indicators, or even based on MOTUs, should prefer-
ably be time-  and location- independent, to make their application 
on a broader scale feasible. This could prove challenging, especially 
when looking at microorganisms such as bacteria or phytoplankton 
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taxa observed in the current study, as these groups tend to have a 
large turnover in their community composition on a relatively small 
time scale (Beentjes, Speksnijder, Schilthuizen, Hoogeveen, & van 
der Hoorn, 2019). However, the huge potential for these novel bio- 
indicators in large- scale impact assessments would make any ef-
forts into a better understanding of their occurrence and behavior 
worthwhile.

5  |  CONCLUSIONS

We have shown that eDNA metabarcoding at multiple trophic lev-
els provides insights into changes in freshwater communities under 
pressure of agricultural stressors. The full- factorial design of the 
mostly natural study site allowed us to observe the impact of single 
stressors. We found an additive (but not synergistic) effect of arti-
ficial fertilizer and the insecticide thiacloprid on community com-
position at the level of decomposers (bacteria), primary producers 
(phytoplankton), and consumers (chironomids). This effect of mul-
tiple stressors was consistent and more pronounced with observa-
tions reported in traditional morphological assessments of the same 
experimental setup. These effects were even detected with a lower 
number of treatment replicates than the traditional morphological 
study, indicating the robustness of using eDNA metabarcoding in 
impact assessments. While both agrochemicals directly influenced 
different taxa at different trophic levels, the neonicotinoid insecti-
cide thiacloprid, meant to target pest insects, also affected bacterial 
and algal community composition, be it directly or through cascade 
reaction through the food web. We encourage the use of multima-
rker eDNA for impact assessment across trophic levels in freshwater 
ecosystems, as it (1) provides a more comprehensive assessment of 
impacts on the entire food web, (2) provides more information at a 
higher taxonomic resolution compared to traditional morphological 
surveys, even if MOTUs are not all assigned to species level, and 
(3) allows for discovery of novel indicator taxa. The incorporation 
of eDNA methodology contributes to ecosystem understanding 
and would allow for more effective monitoring and management of 
freshwater systems, and help safeguard the ecosystem services they 
contribute to humanity.
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