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ABSTRACT

Robustness of multiple stressor rankings is essential for credible ecotoxicological assessments and
policy guidance. A widely cited study of 101 small agricultural streams across Germany identified
pesticide mixtures as the dominant stressor for stream macroinvertebrates, but its analytical
robustness has since been questioned. Using a fully reproducible workflow, we reanalysed this
dataset to evaluate how data aggregation and modelling choices shape conclusions about stressor
importance. Pesticide toxicity remained consistently identified as a key stressor regardless of
modelling approach. Summed toxic units combining event and grab sampling strengthened the
pesticide-macroinvertebrate association compared to maximum toxic units or single sampling
methods, suggesting that mixture-level exposure mechanisms and substance-specific
toxicokinetics matter. Beyond pesticides, data aggregation choices influenced the relative
importance of multiple stressors, with agricultural land use, nutrients, and hydromorphological
degradation showing stronger effects than previously reported and no single stressor dominating
ecological responses. Different ecological metrics responded to distinct stressor sets, highlighting
metric choice as a relevant consideration in interpreting multiple stressor effects. Our findings
reveal that conclusions about dominant stressors are sensitive to analytical decisions, calling for
transparent, multi-metric, multi-model approaches to enable more defensible evaluations of
chemical mixture and multiple stressor effects on freshwater biodiversity under increasing global

pollution.
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INTRODUCTION

Agriculture is a main driver of biodiversity loss, with species exposed to agricultural landscapes
exhibiting the strongest declines®2. Decline trends have been documented across multiple organism
groups, including terrestrial insects®* and stream macroinvertebrates>®. These declines have been
attributed to multiple stressors, including habitat degradation and excessive agricultural inputs of
nutrients and pesticides into adjacent non-target ecosystems’™. Yet, comparisons of the relative
importance of pesticide exposure versus other environmental stressors in real-world ecosystems
remain scarce, limiting the evidence base for chemical risk assessment and water quality regulation.
Small agricultural streams are particularly vulnerable to pesticide pollution due to lower dilution
potential than large rivers, often resulting in higher pesticide concentrations?®, and short, rainfall-
driven exposure pulses that can exert ecotoxicological effects within hours to days!%!2. In this
context, Liess et al.!® conducted the first field study on a national scale to employ event sampling
to capture potential pesticide peaks, reporting a strong association between pesticide toxicity
estimates based on the most toxic substance and multiple ecological metrics, and identifying
pesticide toxicity as the dominant stressor driving declines in stream macroinvertebrates. Recently,
Moore and Rathjens'* questioned the reproducibility of Liess et al.® and argued that conclusions
are sensitive to data aggregation choices, including toxicity metric selection and the temporal
alignment of chemical and biological sampling. Pesticide toxicity estimates are typically
characterized using metrics representing either maximum (TUmax) or cumulative (TUsum)
mixture toxicity®®. Liess et al.® used TUmax as the primary metric, considering only the most toxic
substance rather than the full mixture, and omitted samples with high toxicity peaks. Schriever et
al.1® similarly questioned the robustness of these conclusions, suggesting that other stressors such
as land use may better explain biodiversity decline.

Conclusions about stressor importance can also be sensitive to modelling choices, particularly
variable selection!’. High-dimensional models with interaction terms may capture complex
ecological relationships but produce unstable parameter estimates and are prone to overfitting
under the constrained sample sizes typical of ecotoxicological field studies *¥°. Stability analysis
and bootstrapping have been advocated to quantify robustness by identifying variables consistently
selected across perturbed datasets?®?!. Despite these methodological advances, how sensitive
conclusions about dominant stressors are to data aggregation and modelling choices has not been

systematically evaluated.



Here, we use the Liess et al.'>2? dataset to address this gap through a fully reproducible reanalysis.
We evaluated alternative toxicity metrics, sampling combinations, and statistical modelling
approaches with bootstrap stability analysis to assess how data aggregation and modelling choices
shape conclusions about pesticide and multiple stressor effects on stream macroinvertebrates. By
doing so, we move beyond reproduction to provide a new interpretation of existing data with
implications for chemical risk assessment, water quality regulation, and the design of monitoring

programs intended to identify key stressors driving biodiversity decline.

MATERIALS AND METHODS

Background of the abiotic and biotic datasets and metrics

The Kleingewéssermonitoring (KgM) dataset?? includes 101 small streams with catchment areas <
100 km? across Germany, spanning a broad gradient of agricultural intensity (86 streams with 20—
100% agricultural land cover). Chemical sampling occurred during April-July 2018 and 2019 to
capture the main pesticide application periods. Two types of pesticide samples were collected at
each stream: (i) grab samples every third week under baseline weather conditions, defined as the
absence of strong rain events with > 10 mm/day, and (i1) event samples following strong rain
events®3. In total, 840 samples were analysed for 76 pesticides (40 herbicides, 24 fungicides, and
12 insecticides) and 32 pesticide metabolites. Additionally, nutrients and trace elements (arsenic,
cadmium, copper, zinc, lead, and mercury) were analysed in each sample, whereas physico-
chemical variables (e.g., pH, dissolved oxygen, flow velocity) were measured in sifu in parallel to
the grab samples. Habitat condition was characterised through hydromorphological variables (e.g.,
stream depth and width) and substrate types measured in situ, as well as land use types of the
upstream catchments derived from CORINE land cover 2018 data. Benthic macroinvertebrates
were sampled in June 2018-2019, coinciding with peak pesticide applications. For complete
methodology, see Liess et al.'*22 and Halbach et al.?3. We focussed on the three ecological metrics
that explained the highest variance in Liess et al. (2021a): SPEARpesticides (Species at risk from
pesticides?*), which represents the fraction of pesticide-vulnerable stream macroinvertebrates and
specifically indicates pesticide effects; the saprobic index, which indicates oxygen deficiency from
organic pollution?>; and %EPT, the percentage of Ephemeroptera, Plecoptera and Trichoptera taxa
relative to the total number of taxa in the macroinvertebrate community?®. To allow site-level
analysis, abiotic and biotic metrics per site over two years were aggregated using mean aggregation

for the 11 of 101 sites where data were available for both years, consistent with Liess et al.23,



Reproducibility of pesticide toxicity estimates

We reproduced the pesticide toxicity estimates for all 101 study sites by Liess et al.!3 (see Fig. A1)
and compared our reproduction with both the original study and the deviating estimations by Moore
and Rathjens!4. We briefly outline the basics of pesticide toxicity estimation and then address
reproducibility issues. Pesticide concentrations were converted into estimates of their toxicity
towards stream macroinvertebrates by calculating toxic units (TUs) for each substance. TUs were
calculated by dividing measured pesticide concentrations by their respective LCso values of the
more sensitive taxon from either Daphnia magna or Chironomus sp., provided in the KgM
dataset?2. For each water sample, the maximum TU (TUmax) was determined as the highest TU
across all detected substances, and per site, the highest TUmax across all samples within a year
was selected and log10-transformed for further analyses.

We identified three issues that explained the mismatch between studies and hampered
reproducibility. Firstly, Liess et al.’® considered all pesticides with values equal to or above the
limit of detection (LOD), whereas Moore and Rathjens # only considered those with concentrations
above the limit of quantification (LOQ). Although values >LOD and <LOQ exhibit a lower
accuracy, omitting them from the data set is equivalent to replacing them with a constant (i.e., with
0), which performed poorly in simulation studies?’. We followed Liess et al.»® in our analysis, as
lower accuracy incurs less bias than setting values to zero as done by Moore and Rathjens 4.
Secondly, the definition of exceptionally high TUmax values in Liess et al. 13 was imprecise. They
stated a sample was exceptionally toxic when it exceeded the mean of “five subsequent samples”
by a factor of 100, but did not restrict this criterion to sites or years having more than five
subsequent samples. We scrutinised their decision to exclude exceptionally toxic samples and to
use the second-highest TUmax for a site-year combination when exceeding the mean of up to five
subsequent samples by a factor of 100. Lastly, Liess et al. *3 did not document that TUmax values
of samples below -5 were replaced by this value, which hampered reproducibility at sites with very
low toxic units. This pragmatic cutoff has been commonly used because no acute mortality in field
or laboratory has been observed below 1/10,000 of the LCso of standard test organisms'>24, We
followed their approach and truncated the pesticide toxicity estimates at —5. The reproduction
issues were communicated with the main authors of Liess et al.!®> and Moore and Rathjens* to

ensure transparency and identify potential discrepancies.



Selection of metrics for pesticide toxicity estimation

To evaluate the influence of pesticide toxicity metrics on the relationship between pesticide toxicity
and stream macroinvertebrates, an issue raised by Moore and Rathjens!*, we compared TUsum,
which is the sum of all pesticides and metabolites per sample following the concept of
concentration addition®®, versus the following metrics (Fig. 1): first, TUmax, representing a sample
aggregation approach based on the maximum toxicity across all samples and sample types per site;
second, TUsum separately for event and grab samples, to scrutinise the influence of chemical
sample types on the results; and third, TUsum without exceptionally high peaks, following the
exclusion approach described by Liess et al.!® for TUmax, applied here to TUsum. The TUsum for
pesticide mixtures was computed by summing the TUs of all detected substances within each
sample, with the highest TUsum across all samples per site selected and log10-transformed as the

representative toxicity estimate.
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Figure 1. Study workflow to address effects of pesticide toxicity estimates (a) and statistical
modelling choices (b) on stream macroinvertebrates. TUsum = sum toxic unit. TUmax = max toxic
unit. (i) Model validation verifies choices of model structures. (ii) Stability analysis using different

statistical models strengthens conclusions about influential data and explanatory variables.



In addition, to address the temporal alignment concern raised by Moore and Rathjens?, we
compared the TUsum across all samples taken over the sampling period (metric 1; Fig. 1a) with
the TUsum restricted to samples collected before the June macroinvertebrate sampling date,
thereby excluding pesticide measurements from late June and July (metric 3; Fig. 1a). Finally, we
calculated the TUsum considering both the exclusion of high toxicity peaks and temporal alignment
of chemical and biological samples (metric 4; Fig. 1a) and compared it to the TUsum excluding
only exceptionally high peaks (metric 2; Fig. 1a). In total, we derived seven pesticide toxicity
metrics from different combinations of sample aggregation (TUsum versus TUmax), sample types
(only grab, only event, or both), and data filtering choices (inclusion or exclusion of high peaks
and temporal alignment; Fig. 1a). We used linear regression models to compare the explained
variance (R?) across toxicity metrics for their relationship with SPEAR pesticides., as this metric was
originally designed to indicate pesticide-related community changes?*. Together, these
comparisons inform the selection of pesticide toxicity metrics (e.g., metrics 1-4) for assessing

variable importance within a multiple-stressor framework addressed in 2.4.2.

Statistical modelling of the relative importance of pesticide toxicity estimates
We first reproduced the statistical modelling of Liess et al.'® and then scrutinised how choices of
pesticide toxicity metrics and statistical modelling influenced the relative importance of pesticide

toxicity estimates for stream macroinvertebrate metrices (Fig.1b).

Reproducibility of the statistical modelling

We followed the modelling workflow and methods of stressor aggregation of Liess et al.!® to
reproduce their results on relative variable importance. Briefly, prior to model selection,
explanatory variables considered in Liess et al.’® were screened for multicollinearity using variance
inflation factors (VIF), and variables with VIF > 2 were excluded. Linear regression models were
fitted separately for three ecological metrics (see 2.1). Forward stepwise model selection based on
the Akaike Information Criterion (AIC) was applied, starting from an intercept-only model, where
the full model contained all main effects and two-way interactions. The final model was obtained
through manual term selection, retaining only significant main effects (p < 0.05) and including
interaction terms only when both corresponding main effects were significant. We quantified the
total explained variance of the best-fit model using the adjusted R?, while the relative importance

of explanatory variables was determined using hierarchical partitioning, i.e., the /mg metric from



relaimpo package in R?8, However, we initially obtained different model estimates and explained

variances compared to Liess et al.3

, which were resolved following consultation with the main
authors and a review of the shared data and computer code, though some effect directions remain
irreproducible (Fig. A2). The main barrier was an unstated list of variables included in the full
model, with the original analysis using a subset of 13 of the 18 explanatory variables described in
the manuscript (i.e., pesticide toxicity, trace element toxicity, and ammonium, nitrite, total
phosphorous, flow velocity, stream width, stream depth, hydromorphology, bed habitat structure,
pH, dissolved oxygen, and temperature); this choice was not documented in the original study. The

difference in effect directions from original study outputs was due to the relabelling of some

stressors as deficits to emphasise their stressor potential.

Statistical modelling considering different data aggregation and model types

We evaluated the sensitivity of pesticide toxicity rankings to different data aggregation and
modelling choices. In particular, we examined the influence of using different pesticide toxicity
metrics, focusing on four cases addressing toxicity peaks and temporal alignment (see 2.3, Fig. 1b).
Following model implementation and validation of model structure, we included the stability
analysis, which compares variable selection from the original AIC-based model against alternative
statistical models to evaluate whether pesticides are consistently identified as an influential driver
among multiple stressors.

In addition, we applied modifications to some abiotic data aggregation and original model
structures, addressing issues raised by Moore and Rathjens!* and identified in 2.4.1, respectively.
For abiotic variables accompanying the toxicity metrics (see 2.3), we excluded dissolved oxygen
and temperature due to extensive missing data (> 50% of sites), where Liess et al. ** had used
imputed values. Flow values were aggregated per site using the arithmetic mean rather than
geometric mean'3, as the data distribution showed minimal skewness and included ecologically
meaningful zeros (0.0—1.3 m/s). Total nitrogen (TN) and total phosphorus (TP) served as proxies
for nutrient effects, consistent with the use of summed toxic units for pesticides and trace elements.
Pairwise stressor—response correlations were examined for linearity and nutrient variables were
log10-transformed, consistent with transformations applied to pesticide and trace elements. All
predictors were standardised to a zero mean and unit variance to ensure comparability of effect
sizes. For variable selection, we applied backward AIC-based model selection using the stepAIC

function in the MASS package?®, prioritised over forward selection for more accurate parameter



estimates and p-values®. In contrast to Liess et al.}, we retained non-significant explanatory
variables in the best-fit based models. Regarding model structure, Liess et al.'® included 13
variables and all 78 two-way interactions, a specification that poses overfitting risk with only 101
sites!’, yet retained none interaction in their final models. Thus, we fitted models without
interaction terms.

We also tested for spatial autocorrelation in the best-fit models using permutation-based Moran’s I
(999 simulations, function moran.mc in the spdep R package3?). Given that no significant spatial
dependency was detected in the responses SPEARpesiicides, saprobic index and %EPT, nor in
residuals of their corresponding best-fit models (p-value > 0.05), we omitted spatial variables from
statistical modelling.

To examine model robustness, we compared bootstrap variable selection from the AIC-based linear
regression model with penalized regression approaches commonly used in statistical learning:
elastic net®?, Lasso33, minimax concave penalty (MCP)3* and a triangulated combined model
integrating these methods?®. Each approach was evaluated using 1,000 nonparametric bootstrap
resamples with fixed random seeds for reproducibility. For each resample, model coefficients and
selected variables were recorded to quantify stability as the proportion of iterations retaining each
variable. Variables retained in >70% of replicates were considered stable under the AIC-based
approach, whereas adaptive thresholds for the penalized regressions were derived using the
stabilize and triangulate functions of the stabilizer package?°. Consistency of the effect direction
was quantified using the sign-instability (bootstrap-p) metric, defined as the proportion of signs
opposing that of the mean?°. All analyses in this study were conducted in R version 4.4.23%, The
relationships of abiotic and biotic variables were visualized using the ggplot2 package®®. All data
and R code to reproduce the analyses presented in this study are publicly available following FAIR

principles (see Data and Code Availability section).

RESULTS AND DISCUSSION

Relationship between pesticide toxicity and stream macroinvertebrates

Whole-mixture toxicity estimates better capture the association with ecological responses

The choice of the toxicity metric influenced the ecological interpretation (Fig. 2). The sum toxic
unit (TUsum) and the max toxic unit (TUmax), which aggregate toxicity across all pesticides and
metabolites or consider only the most toxic pesticide substance, respectively, showed similar value

distributions (Fig. 2a). Nevertheless, TUsum explained slightly more variance in SPEAResticides



than TUmax (R? = 0.36 vs. 0.33; Fig. 2d). These results are in line with a previous study that
compared different toxicity metrics on multiple data sets'> and support the concept of concentration
addition, which underlies the TUsum calculation. At the same time, focusing on single substances
alone that exhibited the highest toxicity estimate reduced the explanatory power only slightly,
consistent with earlier studies demonstrating that toxicity estimates are often governed by very few
substances®’8. Yet, given that the most toxic substance varies across sites, chemical monitoring
needs to consider a wide spectrum of substances to yield reliable toxicity estimates®’, even if the

choice of mixture aggregation may have a minor influence.
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Figure 2. Pesticide toxicity estimates with different data aggregation choices: a) Sum toxic unit
(TUsum) versus max toxic unit (TUmax); b) TUsum with grab (only grab), event (only event), and
combined sampling (both); ¢) Sum toxic unit with all observations versus excluding high peaks,
restricted to before macroinvertebrate sampling (before invertebrates), and both (before
invertebrates and exclude high peaks); d) Association between pesticide toxicity estimates from a),
b), and c) and stream macroinvertebrate responses, measured by the SPEAR pesticides, €xpressed as
explained variance (R?) from linear regression. The dots indicate three regression models with the
highest explained variance values. Given differences in the toxicity estimates, scatterplots with

individual data points for each metric are provided in Supporting Information (Fig. A3).



Combined event and grab sampling methods capture exposure more completely

The highest toxicity values and strongest associations with SPEAR,esticides €merged when
considering both event and grab samples in the calculation of the pesticide toxicity metric (Fig. 2b,
2d). This suggests that the ecological risk is governed jointly by pesticide pulses associated with
rain events and baseline weather conditions. Restricting sampling methods to a single sampling
type would therefore underestimate environmentally relevant exposure, as demonstrated across
seven European countries where reliance on a single sampling type did not adequately capture
concentration peaks relevant to regulatory and ecological assessments3®. Notably, grab samples
were higher than the corresponding event samples at roughly one-third (29 of 101) of sites, likely
reflecting higher concentrations under low-flow conditions due to reduced dilution, combined with
continuous pesticide inputs from point sources or groundwater exchange®.

Differences in TUsum-based metrics between event and grab samples also highlight the importance
of toxicokinetics when linking toxicity to ecological responses. Although TUsum was often higher
in event samples, these samples exhibited a lower association with SPEARpesticides than grab
samples (Fig. 2d). Similarly, high-frequency monitoring studies found limited explanatory power
of extreme rain-event concentrations for ecological responses®!. This suggests that short-term peaks
alone can only partially explain macroinvertebrate community changes. Rather, continuous
exposure appears to be an important contributor to ecological effects. For instance, sediment-
associated toxicity, which reflects continuous exposure, was a stronger predictor of
macroinvertebrate effects than water samples reflecting short-term exposure*?. Such baseline
exposure, even at lower concentrations, can cause chronic effects in macroinvertebrate
communities against a background of frequently recurring pulses**. Organisms recovering slowly
from a single exposure pulse may remain vulnerable to subsequent pulses, meaning that the
interplay between event-driven peaks and baseline exposure, rather than either regime alone,

shapes community-level responses®3.

High toxicity peaks do not proportionally reflect ecological responses

Our comparison of event and grab samples suggested that grab samples were ecologically more
important (see previous section), which was also supported by our analysis of the contribution of
high toxicity peaks. We evaluated the metric introduced by Liess et al.*3, which calculates TUsum
after replacing exceptionally high toxicity peaks with the next-lower value in the combined dataset,

thus retaining event samples but reducing the influence of high toxicity peaks. Excluding these
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peaks improved the association with SPEARpesticides (R? = 0.46 versus R? = 0.36 when including all
observations; Fig. 2c, 2d), even though these peaks elevated toxicity estimates at approximately
20% of sites. This reinforces the relevance of toxicokinetics: uptake and elimination times vary
considerably across substances**, and when exposure duration is too short relative to organism
uptake rates, even high external concentrations may not translate proportionally into internal doses
and subsequent ecological effects®®. Consequently, the combination of baseline exposure and
recurring pulses, rather than high individual toxicity peaks, may drive macroinvertebrate
community changes**#>. Our findings suggest that excluding high peaks from toxicity estimates
may better represent the ecologically effective exposure, though further research is needed to
determine whether the excluded high peaks are consistently driven by specific substances with

distinct toxicokinetic properties.

Temporal alignment of chemical and biological monitoring improves causal inference at the cost
of statistical power

To address the concern that toxicity estimates from water samples collected after biological
sampling could not be causally linked to the observed macroinvertebrate responses4, we calculated
TUsum using only chemical samples collected before the biological sampling date. Temporal
alignment reduced toxicity values and lowered the association with SPEAR pesticides (R* = 0.27; Fig.
2d) compared to the full dataset (R*> = 0.36). This raises the question of why removing pesticide
data from the peak application periods in late June and July, occurring after biological sampling,
diminishes the explanatory power of ecological response models. Pesticide exposure after sampling
cannot, by definition, explain the ecological response in a causal sense. However, these late-season
pesticide sampling data may still carry valuable information: it might reflect the typical exposure
intensity at a site as shaped by recurring application patterns across years or offer a more
representative estimate of site-level toxicity than the limited measurements taken during the
sampling months. When temporal alignment was combined with exclusion of exceptionally high
toxicity peaks, the explained variance slightly increased to R* = 0.38, comparable to the full dataset
metric (Fig. 2c, 2d), suggesting that high peaks may contribute disproportionately to noise in the
temporally aligned dataset, where their relative influence is amplified by the reduced sample size,
and that their removal allows it to capture underlying ecological responses to pesticides. Taken
together, the negative association between pesticide toxicity and stream macroinvertebrate metrics

is relatively robust across different toxicity estimates, though no single metric stands out. For
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regulatory monitoring, we recommend combining event and grab sampling with temporally

aligned, sum toxic units, while also considering the influence of high peaks.

Multiple linear regression verifies influential role of pesticide mixture among multiple
stressors

Our multiple stressor analysis identified pesticide toxicity as an influential stressor for stream
macroinvertebrates, supporting the results from Liess et al.'® and being consistent with findings
from multi-regional assessments across the United States*®. Eight of eleven stressors in the analysis
were selected as explanatory variables in best-fit statistical models of the three ecological metrics
(Fig. 3). None of the individual stressors contributed more than 50% of the explained variance
across all fitted models, emphasising the relevance of considering multiple stressors to explain
community patterns. The absence of a single prevailing stressor is consistent with field studies
showing that pesticides are important but interact with other stressors, such as habitat degradation
and land use, in shaping macroinvertebrate responses®447.

Pesticide mixtures were consistently identified as a key stressor among multiple stressors by
SPEARpesticides (R? = 0.12—0.25; Fig. 3). Pesticide toxicity represented the stressor with the highest
explanatory power, termed “dominant stressor” in Liess et al.’3, in three of the four toxicity metric
cases considered (Fig. 3). The exception was the temporally aligned toxicity metric, which had the
lowest association with SPEARpesticides 1n the single-stressor analysis (see 3.1.4) and similarly
exhibited the lowest explained variance in the multiple stressor model (R? = 0.12; Fig. 3c). In this
case, total phosphorus (TP) emerged as the stressor with the highest explained variance. The
importance of TP is widely recognised given it is often a limiting nutrient structuring stream
communities®. Another key difference from Liess et al.!3 is our use of aggregated nutrient metrics
(TN, TP) rather than individual nutrient species (e.g., nitrate, nitrite, or ammonium); This
aggregation choice contributed to increased explanatory power of TP across all models with
different pesticide toxicity metrics and ecological metrics. In addition, it revealed additional
influential co-occurring stressors such as agricultural land use that were not identified in the
original study (Fig. 3; SI—Fig. 2A). Overall, this illustrates stressor interdependency in a multiple-
stressor context, where a shift in one variable can affect the relative importance of other variables.
Our results also highlight that the diagnosis of relative stressor importance depends on the choice

of the ecological metric®®. Although the three ecological metrics used in this study were highly

correlated (Pearson correlation [r| > 0.6), they responded to different sets of stressors. For instance,
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SPEAResiicides, Which relies on ecological and biological traits that are hypothesised to respond to
pesticide stress (including physiological sensitivity and recolonisation ability; Liess and Ohe,
2005), indicated a higher association with TP than the taxonomy-based %EPT metric across our
models. This is consistent with trait-based metrics showing stronger association with individual
stressors than taxonomic metrics®®>!. Indeed, while %EPT correlated highly with SPEAR pesticides (T
= 0.79) and the overall explained variance among the best-fit models of these two metrics was
similar (Fig. 3a, c, d), %EPT responded to a broader range of stressors, including flow velocity,
pH, and trace elements. This suggests that %EPT, while less responsive to individual stressors, may
capture a wider spectrum of stressors. The saprobic index, a well-known indicator of nutrient and
organic enrichment, correlated with SPEAR pesticides and %EPT (r of -0.61 and -0.59, respectively)
and responded particularly to pesticide toxicity, agricultural land use, TP, and flow velocity, though
it had the lowest explained variance among the three metrics (Fig. 3). Collectively, these findings
underscore that the choice of ecological metric directly shapes which environmental drivers are
identified as influential, reinforcing the need for multi-metric approaches in multiple stressor

assessments®2°3,
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respectively. Significance: *p < 0.05; **p < 0.01; ***p < 0.001. SPEAR pesticides = Species at risk
from pesticides. %EPT = Percentage of taxa belonging to Ephemeroptera, Plecoptera and
Trichoptera relative to the total number of taxa in the benthic macroinvertebrate community. TP =

total phosphorous.

Importance of pesticide toxicity confirmed by robust variable selection

Stability analysis and bootstrapping revealed a core set of variables consistently selected across
perturbed datasets under five alternative statistical models (a conventional, non-penalized AIC-
selected linear regression and four penalized regression methods: least absolute shrinkage and
selection operator regression (Lasso), elastic net regression (Enet), minimax convex penalty
(MCP), and triangulated (combined Lasso, Enet, and MCP) models; Fig. 4), indicating that the
explanatory variables are robust and reproducibly associated with ecological metrics. Among these,
pesticide toxicity stood out as the most consistently selected variable, which was retained among
the top three stressors in all five models for each response variable (Fig. 4; Fig. A4, AS5).
Specifically, for the SPEAR pesticides metric, all five models ranked pesticide toxicity among the most
consistently selected variables alongside TP (stability, i.e., selection frequency across bootstrap
iterations: 97-100% and 97-100%, respectively). Pesticide toxicity estimates were similarly
ranked first to third in models for %EPT (stability = 99—-100%) and the saprobic index (stability =
81-95%). To test whether this pattern holds under a weaker pesticide signal, we repeated the
stability analysis and bootstrapping using the TUsum before macroinvertebrate sampling, which
represents the toxicity metric with the lowest explained variance (Fig. 3c). This confirmed the
stable variable selection: estimated pesticide toxicity based on the TUsum before
macroinvertebrate sampling was consistently among the five most important variables across
ecological metrics and bootstrap resampling methods (SPEARpesticides model: stability= 78-95%;
%EPT model: stability = 91-98%; Saprobic index: stability = 78-92%). Although variable rankings
in multiple-stressor frameworks are generally sensitive to model structure and variable collinearity
192054 the consistent selection of pesticide toxicity across both penalized and non-penalized
methods confirms that this finding is not an artefact of any particular modelling strategy,

underscoring the value of stability analyses in such contexts.
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Figure 4. Stability of variable selection across five statistical models, with the case of the
SPEARpesticides and pesticide toxicity (i.e., TUsum before macroinvertebrate sampling and
excluding high peaks): (a) AIC-based linear regression — Stepwise linear regression model using
the Akaike Information Criterion, (b) Lasso — least absolute shrinkage and selection operator
regression, (c¢) Enet — elastic net regression, (d) MCP — minimax convex penalty, and (e)
triangulated method. The dashed vertical line is the threshold defining stable versus unstable

variables. SPEARpesticides = Species at risk from pesticides. TUsum = sum toxic unit.

CONCLUSIONS

We scrutinised the robustness and reproducibility of the central finding of Liess et al.!® that
pesticide mixtures are a key driver of macroinvertebrate community decline in small agricultural
streams across different choices in data analysis. Our analysis encompassed an evaluation of
alternative data aggregation and modelling choices partly raised in the critique by Moore and
Rathjens4.

Our reanalysis confirmed that pesticide toxicity estimates from Liess et al.* were reproducible but
required reconstructing missing calculation steps and scripts through communication with the
authors. We recommend that fully reproducible computer code is published along with the raw data
of each study, but that, where reproducibility issues are encountered, early collaboration with

original data providers is sought.
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Beyond reproducibility, our evaluation of alternative data aggregation choices revealed that toxicity
estimates affect ecological interpretation. Summing mixture toxicity and including both event and
grab samples improved the representation of toxicity gradients. The results suggest that baseline
exposure can be a more important driver of macroinvertebrate responses than short-term peaks.
This very likely depends on the toxicokinetics of the substances, and future studies should test the
relationship between toxicokinetic parameters, sampling strategy, and high-toxicity peaks. More
broadly, future assessments of multiple stressor effects should carefully consider data aggregation
choices for both pesticide toxicity metrics and other abiotic stressors, as these can substantially
influence the relative importance of individual stressors. Similarly, the choice of ecological metrics
needs scrutiny, as they respond to different sets of stressors, despite a high intercorrelation. Lastly,
we recommend applying model validation and stability analyses to confirm findings of influential
stressors from multiple linear regression analyses.

Overall, the results point to a group of core stressors, including pesticide mixtures, nutrients,
agricultural land use, hydromorphological degradation, and others highlighted by different
ecological metrics, which collectively shape stream macroinvertebrate communities. In light of the
broader reproducibility crisis in science, these findings underscore the importance of open
workflows, shared analytical code, and multi-model inference as essential best practices for

enhancing data robustness and reducing analytical uncertainty>4>°.
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Supplementary Information

Field-based adaptive cause-effect relationship for pesticide

o o : Rz =0.43
1.0 . ° ! p < 0.001

SP EARpesticides

a95%

0.0 - b5% °

T T T T T
-5 -4 -3 2 1 0 1

Estimated pesticide toxicity

Figure Al. Reproduced negative association between maximum toxic unit (TUmax) and Species
at risk from pesticides (SPEARpesticide) metrics based on the German Kleingewdssermonitoring
(KGM) dataset (Liess et al., 2021b). a95% - the line indicates the SPEAR pesticides benchmark for
detecting unacceptable pesticide-related ecological effects at a 95% confidence level, derived by
reducing the "good"—"moderate" classification boundary by 1.645 standard deviations of the linear
regression. b5% - the line corresponds to a log TUmax threshold of —3.27, below which 5% of
sampled streams exhibit an unacceptable ecological status based on SPEARpesticides, at @ 95%
confidence level. The detailed reproduction of TUmax calculation and correlation analysis with

SPEARyesticide are provided in the computer code.
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Figure A2. Reproduced relative importance of multiple stressors for three ecological metrics
(SPEARpesticides, Yo EPT, saprobic index) from Liess et al. (2021a), which are based on full time
series (i.e., including abiotic sampling after stream macroinvertebrate sampling) of thirteen abiotic
variables (see 2.5.1.) and using the model structure with two-way interactions. Dots represent
explained variances (numbers below dots), with red and blue indicating negative and positive
estimates as shown in model outputs. Black arrows indicate relationships where estimate signs
were corrected, accompanied by a change in colour. Significance: *p < 0.05; **p < 0.01; ***p <
0.001. SPEAR pesticides = Species at risk from pesticides. %EPT = Percentage of taxa belonging to
Ephemeroptera, Plecoptera and Trichoptera relative to the total number of taxa in the benthic
macroinvertebrate community. NHs = Ammonium. The detailed reproduction of multiple linear

regressions with TUmax and other stressors are provided in the computer code.
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Figure A3. Association between different pesticide toxicity estimates and Species at risk from

pesticides (SPEARpesticides), €xpressed as explained variance (R?) from linear regression. Pesticide

toxicity estimates compared to sum toxic unit (labelled as TUsum; Both; All observations): (a) Max

toxic unit (TUmax); (b) event (only event); (c) grab (only grab); (d) Excluding high peaks; (e)

Restricted to before macroinvertebrate sampling (before macroinvertebrates); and (f) both (before

macroinvertebrates and exclude high peaks).
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(a) AlC-based linear regression (b) Lasso (c) Enet
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Figure A4. Stability of variable selection across five statistical models, with the case of %EPT and
TUsum before macroinvertebrate sampling and excluding high peaks: AIC-based linear regression
— Stepwise linear regression model using the Akaike Information Criterion, Lasso — least absolute
shrinkage and selection operator regression, Enet — elastic net regression, MCP — minimax convex
penalty, and triangulated method. The dashed vertical line is the threshold defining stable versus
unstable variables. %EPT = Percentage of taxa belonging to Ephemeroptera, Plecoptera and
Trichoptera relative to the total number of taxa in the benthic macroinvertebrate community.

TUsum = sum toxic unit.
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(a) AlC-based linear regression (b) Lasso (c) Enet
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Figure AS. Stability of variable selection across five statistical models, with the case of the saprobic
index and TUsum before macroinvertebrate sampling and exclude high peaks: AIC-based linear
regression — Stepwise linear regression model using the Akaike Information Criterion, Lasso — least
absolute shrinkage and selection operator regression, Enet — elastic net regression, MCP — minimax
convex penalty, and triangulated method. The dashed vertical line is the threshold defining stable

versus unstable variables. TUsum = sum toxic unit.
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