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Abstract 

Various environmental and chemical assessment frameworks including ecological 

risk assessment and life cycle impact assessment aim at evaluating long-term ecotoxicity 

effects. Chronic test data are reported under the European REACH regulation for several 

chemicals. However, chronic data are missing for a large fraction of marketed chemicals, 

for which acute test results are often available. Utilizing acute data requires robust 

extrapolation factors across effect endpoints, exposure durations and species groups. We 

propose a decision tree based on strict criteria for curating and selecting high quality 

aquatic ecotoxicity information available in REACH for organic chemicals, to derive a 

consistent set of generic and species group-specific extrapolation factors. Where 

ecotoxicity effect data are not available at all, we alternatively provide extrapolations 

from octanol-water partitioning coefficient as predictor for chemicals with non-polar 

narcosis as mode of action. Extrapolation factors range from 0.2 to 7 and are higher when 

simultaneously extrapolating across both effect endpoints and exposure durations. Our 

results are consistent with previously reported values, while considering more endpoints, 

providing species-group specific factors, and characterizing uncertainty. Our proposed 

decision tree can be adapted to curate information from additional data sources as well as 

data for other environments, such as sediment ecotoxicity. Our approach and robust 

extrapolation factors help to increase the substance coverage for characterizing 

ecotoxicity effects across chemical and environmental assessment frameworks. 
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Introduction  

Assessing ecotoxicological impacts on freshwater ecosystems from chemical 

exposure is an important component in various environmental and chemical management 

frameworks. This includes environmental risk assessment (ERA) for evaluating 

ecological health risks associated with chemicals in a regulatory context (Mccarty et al. 

2018), and life cycle impact assessment (LCIA) for evaluating the environmental 

performance of products and services (Fantke et al. 2018). Both frameworks are based on 

evaluating the chemicals’ fate and effects; however, they differ considerably in their 

purposes and underlying assumptions. ERA aims at ensuring safety of ecosystem 

structures and functions, using as protective metric the ratio between the Predicted No-

Effect Concentration (PNEC) and the Predicted Environmental Concentration (PEC) 

(Guérit et al. 2008; ECHA 2012). Ecotoxicological test results to derive PNECs are 

preferably based on the No-Observed Effect Concentration (NOEC) from chronic tests, 

defined as an actual tested concentration of a compound at which no effects were 

observed on the tested species in a certain timeframe, for the most sensitive species. In 

contrast, LCIA aims at quantifying and comparing the overall environmental pressure 

from chemical emissions on entire ecosystems along entire product and service life 

cycles. To ensure comparability across chemicals and life cycles, LCIA relies on average 

or most representative estimates for chemicals’ chronic ecotoxicological effect pressure 

across all relevant species (Rosenbaum 2015). As metric, effect concentrations (ECx) are 

used, eliciting effects on, for example, 50% (EC50) or 10% (EC10) of the exposed 
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organisms over the background effect level (Fantke et al. 2018; Owsianiak et al. 2019). 

Such comparative context, using any given ecotoxicity metric, is also relevant for 

prioritizing chemicals for potential substitution, that is to identify viable alternatives to 

harmful chemicals in products (Fantke et al. 2015; Steingrímsdóttir et al. 2018).  

Regardless the assessment context, there is for the wide range of marketed 

chemicals a lack of chronic NOEC and ECx test data, which can be readily used for 

ecotoxicity characterization without extrapolation from other (e.g., acute) test data 

(Cronin 2017). Ecotoxicity characterization hence relies for various chemicals on the use 

of acute data. Utilizing acute data, however, requires robust extrapolation factors toward 

desired effect endpoints (i.e., NOEC, EC10, and EC50), across exposure durations and 

for different species groups. Existing extrapolation approaches either introduce pre-

defined safety factors (ECHA 2012), or use generic acute-to-chronic extrapolation ratios 

based on analyzing few chemicals Recently proposed extrapolation studies often do not 

consider differences across species groups (e.g., Warne et al. 2015; O. King et al. 2017; 

Posthuma et al. 2019), which however might be as relevant as differences between 

endpoints or exposure durations (Dong et al. 2014; Scholz et al. 2018). Other studies, 

which proposed factors for specific species groups, usually focus on selected endpoints 

(e.g., Raimondo et al. 2010; May et al. 2016). To obtain robust extrapolation factors, 

however, it is important to include chemicals and endpoints for which both acute and 

chronic data are reported, ideally for the same species or for many species within the 

same species group (Lehmann et al. 2010). 

In more than 100,000 dossiers covering almost 20,000 unique substances as of 

2019, numerous ecotoxicological test data have been submitted under the European 
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Registration, Evaluation, Authorization and Restriction of Chemicals (REACH) 

regulation in support of a safe management of industrial chemicals (EC 2006; Cesnaitis et 

al. 2014; Sobanska et al. 2014; Tarazona et al. 2014; Versonnen et al. 2014; Saouter et al. 

2019a,b). REACH is currently one of the most comprehensive and updated online 

databases of physicochemical, human toxicity and ecotoxicity information for chemicals. 

Using REACH as a potential data source in various policy and science fields has been 

widely discussed (Askham 2012; Luechtefeld et al. 2016; Gustavsson et al. 2017; Müller 

et al. 2017; Saouter et al. 2017a,b, 2019a,b; Fantke et al. 2018). A common conclusion 

across studies is that data submitted under REACH require a careful curation (e.g., 

species name harmonization, unit checks) before they are used. Furthermore, not for all 

registered chemicals the desired chronic ecotoxicity information is available to meet data 

requirements of existing characterization methods (Igos et al. 2014; Müller et al. 2017; 

Fantke et al. 2018). 

To support a wider use of available ecotoxicological effect information, 

extrapolation factors need to be developed based on data reported under REACH, which 

account for differences between effect metrics, species groups and exposure test 

durations, including uncertainty information. While such extrapolation factors should be 

applicable to characterize ecotoxicological effects of all relevant chemicals, they should 

be derived from chemicals with highest data coverage and quality to ensure high 

robustness. This will ultimately allow for a broader consideration of ecotoxicity data 

across assessment frameworks, based on an increased reliability of extrapolations 

between endpoints and including a wider range of available test results. With that, the 

overall goal of the present study is to improve the data basis for ecotoxicity 
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characterization with focus on the following specific objectives: First, we select and 

scrutinize (pre-process) ecotoxicity data for organic chemicals registered under REACH, 

applying a restrictive set of criteria in a decision tree to derive a maximum quality 

dataset. Second, we derive extrapolation factors with respect to different endpoints and 

exposure durations for specific species groups and across species (generic). Finally, we 

discuss the relevance of species sensitivities as well as extrapolating effects from 

information on lipophilicity and mode of action, where ecotoxicological data are missing. 

Our factors are proposed for application in environmental and chemical management 

frameworks. 

Methods  

Defining data selection criteria 

We start from dossiers submitted under REACH as the most comprehensive data 

source today regarding ecotoxicological test information. A chemical’s annual 

production/import volume into Europe dictates the level of information reporting 

requirements under REACH (ANNEX VII-X) (EC 2006). Dossiers are structured in 

sections (e.g., ‘Ecotoxicological information’) and sub-sections (e.g., ‘Aquatic toxicity – 

Short-term toxicity to fish’), of which the latter contain the results of one or more 

ecotoxicity studies. Each reported data point presents a specified endpoint with its 

concentration value (e.g., EC50 = 15 mg/L), complemented by additional information, 

such as test method and conditions, tested organisms and test duration. Focusing on 

freshwater ecosystems as currently most relevant aspect for characterizing ecotoxicity in 

various frameworks, we manually retrieved from the publicly available REACH dossiers 

(available on the official dissemination website of the European Chemicals Agency) all 
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the information covering ecotoxicity studies with freshwater as stated water type as of 

June 2018. 

To derive extrapolation factors for characterizing ecotoxicity for organic 

substances, based on highest quality aquatic ecotoxicological information covering 

various endpoints, exposure durations and species groups, we focused on experimental 

data for organic compounds with production/import volumes in Europe >1000 tonnes per 

year (Annex X), (EC 2006; Sobanska et al. 2014; Müller et al. 2017). This ensures that 

sufficient acute and chronic data are reported per chemical. Production/import volume is 

reported in the administrative data section of REACH dossiers. Mixtures, by-products 

and compounds defined as Unknown or Variable composition, Complex reaction 

products or Biological materials (UVCB) were excluded, based on reported substance 

type or manually where this information was missing. Data selection criteria were 

defined in a decision tree to obtain a high-quality dataset as input for extrapolations 

between endpoints and exposure durations, based on four main aspects. For each data 

point, the reported chemical should be uniquely allocated to a test material (aspect 1). 

The reported results should have a high assigned reliability (aspect 2), i.e., comply with 

data reporting requirements set out in standard test guidelines (Klimisch et al. 1997). The 

tested organisms should be specified to ensure a consistent definition of chemical-species 

combinations (aspect 3). Finally, test duration and exposure concentration should be 

reported with unambiguous units, and effect endpoints should follow a consistent 

terminology (aspect 4). If at least one of these aspects is not fulfilled, the respective data 

point is excluded from any further analysis. 
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Harmonization of selected data points 

After applying the criteria for data selection to all collected data points, there is a 

need for harmonization in terminology for expressing chemical, test species, endpoint, 

effect concentration and duration, and their units where applicable, before the selected 

data can be finally analyzed or used (Luechtefeld et al. 2016; Gustavsson et al. 2017; 

Müller et al. 2017). In Table 1, we provide an overview of the steps applied for 

harmonizing the reported data points into a consistent set of information that can be 

further analyzed. For example, in numerous cases, the tested species names were 

misspelled, or old nomenclature was applied, or no species was reported at all. Another 

required step is to categorize the exposure test duration as either ‘acute’ or ‘chronic’, to 

distinguish short-term vs. long-term endpoints, for which we used reported exposure test 

durations as starting point. REACH dossiers provide a general test duration classification 

only for fish and aquatic invertebrates (i.e., short-term and long-term toxicity), while also 

for these species groups misallocations were identified (Gustavsson et al. 2017). In 

support of this step, we applied a set of defined test duration thresholds for all considered 

species groups (see Table 1), to finally account for the influence of test duration on the 

extrapolation between different reported endpoints (Hahn et al. 2014). For algae and 

cyanobacteria, tests guidelines do not differentiate between acute and chronic effects and 

suggest an exposure duration of 72 hours, with measurements every 24 hours (OECD 

2004; Hahn et al. 2014). However, due to the high reproduction rate (biomass doubles 7-

8 times within 72 hours), we consider test outcomes with exposure beyond 1 day for 

these species groups to be chronic, as they cover the full life cycle of the test organisms. 

This is in line with previous findings (de Zwart 2002; Posthuma et al. 2019). This 
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rendered almost all related data points for these microorganisms as chronic. In fact, 

despite their short duration, the algae ecotoxicological tests are in practice multi-

generation tests. 

 

Deriving ecotoxicity extrapolation factors 

We retrieved 71343 data points from REACH dossiers, covering in total 1927 

organic chemicals with an annual EU production/import volume of ≥1000 tonnes. The 

main information retrieved for each data point was substance name (display name), CAS 

number, EC number, nature of the study (type of information), test material, exposure 

duration, endpoint (dose descriptor), concentration tested (effect concentration), and 

species tested (test organism). In order to use these data for developing extrapolation 

factors, we applied the defined data selection criteria in an automated procedure to screen 

and pre-process each data point. This resulted in a largely reduced dataset containing data 

of high quality, which is required when deriving generalizable information from data 

analysis (Saouter et al. 2017a,b). In cases, where REACH data are to be used for other 

purposes (e.g., high-throughput risk screening of thousands of chemicals), less strict 

selection criteria might apply, allowing for yielding a larger set of data of lower average 

quality. Data pre-processing steps included the selection of experimental data (i.e., 

estimated or read-across data were disregarded), harmonization of reported information 

for species, exposure and endpoint (see Table 1), and the combination of endpoints (e.g., 

grouping of IC50-inhibitory concentration and LC50-lethal concentration into ‘EC50’, 

combining LOEC and EC10 into EC10eq, and NOEC and EC0 into NOEC, while 

disregarding other reported effect levels and ambiguous endpoints). 
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From the pre-processed and harmonized high-quality dataset, extrapolation 

factors were then obtained from pairwise comparisons of the combination of endpoints 

(e.g., NOEC vs. EC50) and test duration levels (acute vs. chronic) for all chemical-

species combinations where data for both endpoints and exposure duration levels were 

available. Regression analysis was then performed to test the correlation between the 

compared pairs across chemicals within each defined species group. Regressions were 

performed for all species groups with at least nine different tested chemical-species 

combinations to allow for robust interpretation. In addition, we propose generic 

extrapolation factors based on regressions in which we combined data across species 

groups. Endpoints considered in all regressions for acute and chronic exposure were 

NOEC, EC50, and a combined set of LOEC and EC10 that were merged and expressed 

as EC10-equivalents (EC10eq) as recently recommended starting point for calculating 

effect factors in LCIA (Owsianiak et al. 2019; Posthuma et al. 2019; Saouter et al. 

2019a,b). We combined LOEC and EC10 for deriving extrapolation factors also from and 

toward EC10eq as low-effect metric based on high uncertainties in the low range of 

species sensitivity distributions, rendering it difficult to treat LOEC and EC10 as separate 

metrics in statistical analyses (Iwasaki et al. 2015; King et al. 2017). Other endpoints are 

usually data-poor (see Table 2) and were hence not further analyzed. Regressions were 

conducted separately toward the three reference metrics that are commonly used in 

different assessment frameworks, namely NOECchronic, EC50chronic, and EC10chronic
eq . 

Addressing substances without ecotoxicity data 

In support of deriving extrapolation factors also for chemicals, for which no 

ecotoxicological information is reported at all, we also investigated whether there is any 
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possible correlation between the reported effect data and octanol-water partitioning 

coefficients (Kow) for the reported chemicals. Several quantitative structure-activity 

relationships (QSAR) using Kow as main predictor have been developed in the past 

decades for estimating ecotoxicity effects for chemicals with a ‘non-polar narcosis’ mode 

of action (MOA). For example, Könemann (1981) was one of the first studies 

demostating a strong correlation between Kow and acute toxicity effects in fish, while 

Van Leeuwen et al. (1992) published QSARs for predicting NOECs for 19 aquatic 

species, and Ellison et al. (2008) developed a QSAR estimating toxicity in Tetrahymena 

pyriformis for regulatory purposes. However, as recently highlighted by Cronin (2017), 

still many challenges are present in developing reliable QSAR models for predicting 

expecially chronic ecotoxicity effects. We identified the MOA across chemicals using the 

open source application Toxtree (Patlewicz et al. 2008). Toxtree applies the Verhaar 

scheme (Verhaar et al. 1992; 2000), which groups organic compounds according to their 

MOA. For our analysis, we considered only compounds with ‘non-polar narcosis’ as 

MOA, since their ecotoxicity may be reliably predicted from lipophilicity (Vighi et al. 

2009). For these compounds, we retrieved a respective set of consistent Kow values using 

the open source OPERA modeling suite that are based on about 15,000 curated and 

harmonized measurements (Mansouri et al. 2018). Linear regressions were then 

conducted for substances with 0 ≤ log Kow ≤ 6, for which the Verhaar scheme is 

applicable (Kienzler et al. 2017). 
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Results 

Decision tree of data selection criteria and harmonization steps 

Figure 1 presents the decision tree proposed for screening and harmonizing the 

large amount of information retrieved from REACH dossiers and building a high quality 

dataset for the subsequent extrapolation factor analysis. In the following, we describe 

how to apply the different data selection criteria and harmonization steps of the decision 

tree. 

The first two steps of the data selection and harmonization method serve a proper 

identification of the collected data points in terms of considered chemical. In step 1 

(chemical identifier), CAS registry number and EC number for the reported compound 

are checked and completed when missing, whereas in step 2 (test material) the reported 

compound is matched to the correct test material – in case of mismatch, the data point is 

disregarded. An example is cyclohexanone (CAS: 108-94-1), where data on short-term 

toxicity to algae and invertebrates refer to a structural analogue or surrogate substance. In 

this step, 75% of the reported data points were screened out for our purpose, because 

either tests were not run with the specified compound or the information about test 

material was missing. This might seem very restrictive; yet, less than 10% of the 

disregarded data points would have fulfilled the remaining data selection criteria, while 

of the data points that successfully passed step 2, 57% also passed the subsequent criteria. 

Hence, applying a very restrictive criterion at the beginning of the entire data pre-

processing method simplifies the subsequent steps by avoiding unnecessary 

harmonization and processing efforts. 
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Next, the reliability of the ecotoxicological information was evaluated through the 

reported Klimisch score (Klimisch et al. 1997) in step 3 (study reliability). Of the 

remaining data points, 87% had reported scores of 1 (reliable without restriction) or 2 

(reliable with restrictions), which were considered for further analysis. All other data 

were excluded. The study test type was used as subsequent data selection criterion in step 

4 (nature of test), where we only considered experimental results for further analysis 

(91% of the data passing step 3), while all estimated or calculated data points (e.g., 

QSARs, expert judgement, or read-across) were excluded. In step 5 (species name), the 

tested organisms’ species names were spell-checked and harmonized with up-to-date 

nomenclatures. All data points with up-to-date or corrected species name (89% of data 

passing step 4) were assigned to one of the pre-defined species groups in step 6 (species 

group) in order to allocate species group-specific exposure duration thresholds above 

which exposure is considered chronic in step 7 (acute/chronic exposure threshold). Even 

though a classification (grouping) of some of the tested species is already provided in 

REACH, the step of systematically assigning a species group is considered important due 

to inconsistencies in the reported allocations, also discussed by Gustavsson et al. (2017). 

In step 8 (exposure duration), the reported exposure duration value and unit are checked 

and remaining data (i.e., 99.8% of data points passing step 5) harmonized by converting 

them into a common unit (in our study, we used ‘days’ as common unit for reported 

exposure durations). Based on information from steps 6 to 8, we can categorize reported 

test results as ‘chronic’ or ‘acute’ in step 9 (exposure duration class). In step 10 (test 

concentration), reported test concentration value and unit are checked, and remaining 

data (i.e., 97% of data points passing step 8) harmonized by converting them into a 
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common unit (in our study, we used ‘mg/L’ as common mass-based unit across reported 

test concentrations). Finally, the reported effect endpoints were checked in step 11 (effect 

endpoint) and remaining data (i.e., 84% of data points passing step 10) harmonized by 

aggregating reported effect metrics into those that were selected for our study. In total, 

from all data points originally reported in REACH dossiers, 14.3% passed the set of strict 

data selection criteria to create a high quality dataset for further analysis. 

When applying the decision tree presented in Figure 1 to the reported data, most 

of the data points were screened out due to insufficient or non-interpretable reported 

information. After harmonizing the remaining data, we yielded a high quality dataset 

containing 9627 data points for 1048 chemicals (54% of the original set of chemicals), 

which we could further analyze. For each combination of species, endpoint and exposure 

duration, all reported data points were averaged per substance to account for the 

variability across and in-between reported toxicological test results. On average, 9 data 

points were ultimately available per chemical, where the chemical with the highest 

number of resulting data was 4,4’ isopropylidenediphenol (CAS RN: 80-05-7) with 

𝑛 = 96 data points. Table 2 presents the summary statistics of the harmonized dataset 

after applying the data selection criteria. As expected, NOECs and acute EC50s are the 

predominant endpoints, representing respectively 44% and 38% of the final data, with a 

total contribution of acute data of 55%, consistent with earlier findings (Fantke et al. 

2018). 

 

One of the reasons for the (slightly) higher availability of acute data as compared 

to chronic data is that REACH data are generated based on reporting requirements, with 
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chronic data only required for higher production/import volume chemicals. Further, acute 

tests are easier to conduct, faster and less expensive. 

Freshwater ecotoxicity extrapolation factors 

The final harmonized dataset was used to derive a consistent set of factors 

extrapolating between different effect endpoints and exposure durations. More 

specifically, we provide factors for extrapolating pairwise from acute and chronic NOEC, 

EC50 and EC10eq effect endpoints to NOECchronic, EC50chronic, and EC10chronic
eq  for use in 

different assessment frameworks. Extrapolating from acute tests will thereby show higher 

uncertainty than extrapolating from another chronic test, since different effect levels 

observed in the same test will correlate stronger than different effect levels reported from 

different tests. In Figure 2, we plot the effect concentrations (expressed in mg/L) across 

all chemical-species combinations for which at least one data point was reported for two 

compared endpoints. Where more than one data point was available per chemical-species 

combination, we plot the mean across data points with the variability across data points 

shown in error bars. Regressions were performed with free slope and with slope forced to 

unity per species group. For simplicity, only regression lines of the latter are shown in 

Figure 2 as colored dashed lines, since best fit slopes (free slopes) across regressions was 

always close to unity and usually within the 95% confidence interval (CI) range. For both 

regression types (free slope and slope equal to unity), we provide the coefficients of 

determination (R2) and standard errors, showing that forcing the slope to unity does not 

influence the extrapolation results in most cases (see Table 3). An exception are 

invertebrates when extrapolating from acute to chronic endpoints, where the R2 decreased 

significantly when forcing the slope to unity. We furthermore tested the choice of 



 

This article is protected by copyright. All rights reserved. 

A
cc

ep
te

d 
A

rt
ic

le
 

grouping of EC10 and LOEC data points. Analyzing both endpoints separately yields 

similar regression results with no statistically significant difference between these 

endpoints (Supplemental Information (SI), Figure S1). 

Due to data availability in REACH dossiers, only the three most representative 

species groups are considered in Figure 2 (i.e., algae/cyanobacteria, crustaceans and fish). 

Data for other species groups were insufficient to allow for robust regression (i.e., 

bacteria, invertebrates (non-crustaceans), vertebrates, and aquatic plants other than 

algae). Likewise, data points were insufficient to extrapolate from EC10acute
eq  for 

individual species groups. Generally, we did not derive any regression for a species 

group, whenever there were less than 10 chemical-species combinations available for any 

compared pair of endpoints. 

As a general trend, robust correlations (R2 > 0.85) were observed between two 

chronic or two acute endpoints, and between acute and chronic exposure for the same 

endpoint. Comparing any acute endpoint with another chronic endpoint yielded less good 

correlations (R2 < 0.60). Goodness of fit ranged from R2 = 0.95 when extrapolating from 

acute to chronic EC50 for fish to R2 = 0.30 when extrapolating from acute NOEC to 

chronic EC10eq for crustaceans. Weaker correlations are partly driven by common 

outliers (e.g., 2-(2H-benzotriazol-2-yl)-p-cresol, CAS: 2440-22-4). Some outliers had 

strong influence on the regressions, in line with findings from Posthuma et al. (2019), for 

example 4,4´-methylenedianiline (CAS: 101-77-9) influencing the regression from acute 

to chronic EC50 for crustaceans. 
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Table 3 summarizes for each effect endpoint-exposure duration combination the 

derived extrapolation factors per species group, along with its regression statistics and 

95% confidence interval ranges, which are fundamentally important for correctly 

interpreting the variability around the proposed mean regression factors (Posthuma et al. 

2019). Standard error and R2 are presented for both best-fit regressions and regressions 

with slope set to unity, to identify where the slope is significantly different from unity. 

Extrapolation factors for bacteria and invertebrates (non-crustaceans) could not be 

derived due to insufficient data points. For these species groups, we recommend applying 

generic extrapolation factors instead. 

 

Relevance of individual species groups 

Our species group-specific extrapolation factors do not show any significantly 

different trends in sensitivity toward chemical exposure across species groups, with a 

wide variability across data for all species groups and effect endpoints (Figure 3). This is 

in line with Figure 2, where sensitive species groups would be found predominantly 

toward the origins of the axes across plots, while less sensitive species groups would 

appear mostly far from the axes origins. However, none of the considered species groups 

shows such patterns.  

To evaluate the distribution of sensitivities at the chemical level, we compared for 

acute and chronic EC50 the mean across data points for the same chemical and test 

species (Figure 4). We used EC50 as example effect endpoint with most available data 
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points (44%), and because the EC50 shows high robustness for testing the same chemical 

across species (Henderson et al. 2011). 

Across substances with available data for acute EC50 (Figure 4, top), the two 

most represented species groups are crustaceans and fish. None of these shows a 

consistent trend of being more or less sensitive than any other included species group. 

This is partly due to the fact that the majority of the considered chemicals shows 

unspecific (“narcotic”) toxicity effects (Kienzler et al. 2017). If we would look at 

substances with more specific MOA, we would see that they are more toxic to certain 

species groups. An example are herbicides, which are most toxic to phototrophic 

microorganisms, exhibiting toxicity by disrupting photosynthesis (DeLorenzo et al. 

2001). To identify such trends, however, requires to assess each chemical individually. 

As specific example, for 1,2-bis(prop-2-en-1-yl) benzene-1,2-dicarboxylate (CAS: 131-

17-9), the average acute EC50 across 4 crustaceans species is three order of magnitude 

lower than across 2 fish species, while for benzene-1,3-diamine (CAS: 108-45-2), the 

average acute EC50 across 6 crustaceans species is two order of magnitude higher than 

across 2 fish species. When analyzing chronic EC50 (Figure 4, bottom), we observe that 

crustaceans generally show a somewhat higher sensitivity to chemical exposure than 

algae/cyanobacteria and fish. Two exceptions are 1-(5,6,7,8-tetrahydro-3,5,5,6,8,8-

hexamethyl-2-naphthyl)ethan-1-one (CAS: 1506-02-1), and butane-1,3-diol (CAS: 107-

88-0), where fish species show higher sensitivity than other species groups. In general, 

for the different substances considered, crustaceans are more sensitive than fishes, which 

is in line with earlier findings (Müller et al. 2017). 
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Influence of octanol-water partitioning coefficient  

In order to support possible effect extrapolation for chemicals, for which no 

ecotoxicological information is available at all, we compared our curated ecotoxicity 

results against Kow for chemicals with ‘non-polar narcosis’ as MOA, for which 

lipophilicity can be used to predict ecotoxicity (Vighi et al. 2009). Curated data were 

grouped per species across effect endpoints and exposure durations, and endpoints 

considered at both acute and chronic exposure are EC50, NOEC and EC10eq. Results 

were plotted as inverse of the effect endpoint concentrations as function of Kow (Figure 

5). 

As a general trend, substances with high Kow are showing higher ecotoxicity 

potential (lower effect concentrations) across species, endpoints and exposure durations. 

However, numerous exceptions underline that Kow alone is usually a poor predictor for 

ecotoxicity. In Figure 5, we also provide regression equations for deriving ecotoxicity 

effect values from Kow for the three main studied effect endpoints and both exposure 

duration classes. We observe a clear shift of the regression lines from acute to chronic 

exposure across effect endpoints. Our ecotoxicity-Kow relationships are generally valid 

for non-reactive chemicals within certain solubility limits (Cronin 2017), and our dataset 

represents chemicals covering a wide range of physicochemical properties and 

toxicokinetics, tested with different species (Scholz et al. 2018). Hence, we recommend 

to only using these results for chemicals where no effect information is generally 

available to allow for assessing chemicals, which would otherwise not be considered in 

screening assessments. 
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Discussion 

Recommendations for deriving ecotoxicity effect factors 

Table 4 summarizes ecotoxicity extrapolations factors for the nine studied effect 

endpoint-exposure duration combinations (simplified regressions with slope set to unity), 

and factors based on best-fit regressions. We recommend the species group generic 

extrapolation factors in Table 4 for use in large-scale screening studies where appropriate 

ecotoxicity data are lacking for various chemicals or not available across species groups. 

Whenever species group-specific information is available, we recommend using our 

factors presented in Table 3. For example, one could assume that no long-term 

ecotoxicological effect information is reported for thiram (CAS: 137-26-8), while only an 

EC50acute = 1.6 mg/L for acute toxicity is reported for Lemna gibba. In such case, long-

term toxicity can be derived by applying our recommended default extrapolation factor in 

Table 4 as EC50chronic = 1.60/2 = 0.80 mg/L, or by applying the best-fit factor as 

EC50chronic = (1.60)0.90/2.5 = 0.61 mg/L. In cases where species group-specific 

extrapolations are possible or required, we recommend to apply factors from Table 3. For 

example, one could assume that long-term effects on fish are relevant, but no related 

information is available for the long-term ecotoxicological effects of p-phenylenediamine 

(CAS: 106-50-3). In such case, acute toxicity for Oncorhynchus mykiss reported as 

EC50acute = 3.9 mg/L can be combined with our extrapolation factor for fish in Table 3, 

yielding an EC50chronic= 3.9/1.71 = 2.28 mg/L (95% CI: 1.73 to 3.45 mg/L), or a 

NOECchronic= 3.9/6.21 = 0.63 mg/L (95% CI: 0.3 to 1.34 mg/L). 
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Comparison of extrapolation factors with previous studies 

We compared our default recommended generic extrapolation factors (Table 4) 

with previously published factors. Our proposed factor of 2 to extrapolate from acute to 

chronic EC50 is consistent with results obtained by Payet (2004) and de Zwart (2002), 

while being ~30% lower than the factor proposed by Posthuma et al. (2019). Our 95% CI 

for this factor for specific species groups ranges from 0.6 to 4.5 (see Table 3). For NOEC, 

de Zwart (2002) and Posthuma et al. (2019) propose to apply a factor of 3 to extrapolate 

from acute to chronic effects, in line with our proposed factor of 3.1 (with species group 

95% CI ranging from 1.5 to 6.6). For extrapolating from chronic EC50 to NOEC, de 

Zwart (2002) and Posthuma et al. (2019) propose again a factor of 3, while Warne et al. 

(2015) proposes a factor of 5. Our default extrapolation factor is 3.3, with species group 

95% CI ranging from 2 to 5.8. For extrapolating from acute EC50 to chronic NOEC, 

Länge et al. (1998), Warne et al. (2015), Posthuma et al. (2019) and King et al. (2017) 

yield a factor between 8 and 10. Our proposed default factor is 5, with 95% CI for 

specific species groups ranging from 0.8 to 13.1. The high variability for this specific 

extrapolation factor is mainly driven by the uncertainty behind simultaneously 

extrapolating across endpoints and exposure duration classes. Finally, Warne et al. (2015) 

propose a factor of 2.5 to extrapolate from chronic LOEC to NOEC, which is slightly 

higher than our factor of 1.7 for extrapolating from chronic EC10eq to NOEC, with 95% 

CI for specific species groups ranging from 0.8 to 2.3. 

We also compared our species group-specific factors with previous studies. For 

extrapolating acute EC50 to chronic NOEC, previous studies reported extrapolation 

factors between 8.9 and 12 for fish, between 6 and 10.9 for daphnia and 4.2 to 5.4 for 
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algae (Länge et al. 1998; Ahlers et al. 2006; May et al. 2016; Kienzler et al. 2016; 

Saouter et al. 2019b). Our corresponding factors, which are based on a wide and diverse 

set of chemicals, are slightly lower with 6.2 for fish, 5.5 for crustaceans, and 2 for 

algae/cyanobacteria; however, our 95% CI ranges encompass all previously reported 

factors (see Table 3). Saouter et al. (2019b) reported extrapolation factors from acute to 

chronic EC50 of 3.7 for fish and 5.4 for daphnia. Our corresponding factors are up to a 

factor of 2 smaller. Azimonti et al. (2015) yield factors for extrapolating from chronic 

EC50 and chronic EC10 to NOEC of, respectively, 4.3 to 4.9 and 1.1 to 1.5 across fish, 

daphnia and algae. Our corresponding factors are close to these values for both 

extrapolating from chronic EC50 and EC10eq. 

While in some studies (e.g., Posthuma et al. 2019, Saouter et al. 2019b), NOEC 

and EC10 are combined due to their general strong correlation, we kept these two metrics 

separate, because the correlation varies largely across species groups (see Table 3) and 

because no-effect (NOEC) and effect (e.g., EC10eq and EC50) are used in different 

assessment contexts. To our knowledge, extrapolation factors for our other effect 

endpoint-exposure duration combinations (e.g., chronic EC10eq vs. EC50) have not been 

previously published. Overall, our results are consistent with previous studies, while 

indicating possible large differences across chemical-species combinations, and relying 

on high quality data for a much wider set of chemicals. 

Study limitations 

The retrieved REACH data went through a strict screening and selection process, 

in order to obtain a high quality pool of data on which our subsequent extrapolation 

factor analysis was based. Consequently, regressions obtained from the statistical 
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analyses are based on a reliable dataset, well representing correlations between 

ecotoxicological data. However, there are several limitations related to differences 

between studied endpoints, and acute and chronic effects, available number of data points 

and species covered per chemical. When performing ecotoxicological tests with different 

levels of exposure for the same species group, diverse effects can be analyzed during the 

tests. For example, for fish, mortality is usually studied as effect in acute tests (OECD 

1992), while growth is often studied in chronic tests (OECD 2012). This equally applies 

when pooling these different effects per endpoint, such as done in our study for e.g., 

NOEC (unspecified effect), NOErC (growth rate) and NOEbC (biomass production). To 

reduce uncertainty in individual factors, acute-to-chronic extrapolation should be 

analyzed at the level of individual chemicals, test species, and test conditions. 

Furthermore, we did not correct for any test repetitions or conditions (hardness, 

temperature, etc.) to reflect the actual diversity in testing environments, and usually 

pooled nominal and measured concentrations to avoid losing a large share of high-quality 

data (Saouter et al. 2019a). Finally, we did not account for the ecotoxicological mode of 

action of chemicals on the tested species, or other potentially relevant physicochemical 

properties of the tested compounds (e.g., solubility), which could have a high influence 

on the ecotoxicity test results and consequently on our extrapolation factors. However, 

given the conditions and data limitations of large-scale screening assessment frameworks, 

our proposed approach and related recommended factors constitute a robust mechanism 

to extrapolate across effect endpoints and exposure durations. 
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Kow-based ecotoxicity effect extrapolation 

 We analyzed the correlation between the reported effect data and Kow for 

reported chemicals with ‘non-polar narcosis’ as MOA, with the aim of providing possible 

extrapolation for substances without available or reported ecotoxicological information. 

Overall, our Kow-ecotoxicity extrapolation corresponds well with earlier studies. As 

example, studies focusing on comparing acute EC50 in algae against Kow for a limited 

set of non-polar narcotics propose regressions of the general form log(1/EC50) =𝛼 ×

log(Kow) − 𝛽 with regression coefficients similar to ours (Cronin et al. 2004; Hsieh et 

al. 2006; Tsai and Chen 2007). However, due to the high variability of the curated dataset 

and considering the general limitations of our study, we did not derive very robust Kow-

ecotoxicity relationships. The proposed method for Kow-based ecotoxicity extrapolation 

is highly uncertain for the majority of the considered substances. Nevertheless, the clear 

shift between the acute and the chronic Kow-based regressions presented in Figure 5 

suggests that there might be the potential for developing reliable models for predicting 

ecotoxicity effects for chemicals also with unspecified modes of action. As for the 

proposed extrapolations, considering other relevant physicochemical properties (e.g., 

solubility) and grouping the substances per specific MOA will likely yield more robust 

results. Yet, given limitations and constraints in accessibility of data for use in large-scale 

screening assessment frameworks, estimated ecotoxicity results extrapolated from Kow 

give a first indication of the magnitude of ecotoxicological effects in a comparative 

context when data that are more reliable are absent. 
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Future research needs 

From our first step toward developing species group-specific extrapolation factors 

and standardized curation methods for ecotoxicity information available on online 

databases such as the REACH-related, we derive various future research needs. First, 

after applying our decision tree, only 14% of the retrieved data were actually utilized for 

further analysis. On the one hand, when developing and building high quality datasets, 

strict and selective criteria need to be applied in order to keep only high quality and 

reliable data. On the other hand, more than 80% of the gathered data had to be 

disregarded, drastically limiting the potential of the high amount of ecotoxicity 

information available under REACH. In order to better exploit information reported 

under REACH as direct data source across various science and policy frameworks with 

their specific requirements for data quality, different and partly less restrictive data 

selection criteria should be defined, allowing the extrapolation of information also 

between chemicals (e.g., read-across, QSARs) to fill possible data gaps. This will enable 

the assessment of chemicals for which insufficient or no ecotoxicological information is 

currently available. Second, ecotoxicity data are reported mainly for three species groups 

under REACH. This implies the risk of giving more weight to certain species groups with 

higher data coverage (e.g., high amount of chronic data for algae/cyanobacteria) as 

compared to less represented species groups, which is relevant when assessing overall or 

average ecosystem pressure from chemicals, such as LCIA. In order to avoid such 

situations, data need to be reported across all relevant species groups, or weighting 

factors need to be derived for each species group, to ensure that also particularly sensitive 

species groups are represented. This is especially relevant for locations with unique 
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ecosystem composition, such as tropical regions. Finally, the proposed decision tree has 

been developed on freshwater ecotoxicity data coming from REACH dossiers for organic 

chemicals. Applying our decision tree also to inorganic chemicals including metals 

requires to account for chemical species-specific aspects (Kirchhübel & Fantke 2019). 

While our proposed curation method is generally applicable to develop extrapolation 

factors for organisms in other environments (e.g., sediment, marine water, and terrestrial 

environments) and using other data sources, our decision tree would have to be adapted 

to environment-specific aspects, species, and data source-specific reporting formats. 

Conclusions 

Ecotoxicity characterization requires a continuous improvement in line with the 

growing body of reported test results (e.g., in REACH) and marketed chemicals (Saouter 

et al. 2019a,b). Assessing ecological risk (in ERA) and life cycle impacts (in LCIA) of 

chemical emissions aims at supporting a high quality of our ecosystems , while 

improving the environmental sustainability performance of our product and service 

systems in line with policy goals and the global sustainable development agenda. 

Ultimately, we need to enable measuring progress toward reaching specific emission and 

ecological exposure reduction targets in support of the United Nations’ Sustainable 

Development Goals, the European Non-Toxic Environment strategy, and a sound and 

safe management of chemicals in the environment. For that, it will be necessary to 

benchmark characterized ecotoxicity impacts against optimal ecosystem health targets 

(Fantke and Illner 2019). Extrapolation factors for evaluating the ecotoxicity of the 

various marketed chemicals worldwide based on all available evidence, species, and 

tested endpoints provides a valuable contribution to developing and improving the 
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required ecotoxicity characterization methods. While extrapolation factors have been 

developed earlier, we propose a consistent and robust set of factors for three relevant 

endpoints, for different species-groups and across species groups (generic factors), 

provide extrapolation from Kow for non-polar narcotic chemicals, where ecotoxicity test 

data are missing, and finally report uncertainty for our factors. With that, our 

extrapolation factors help that each assessment framework can use its specific ecotoxicity 

characterization metrics, while ensuring alignment across frameworks in terms of criteria 

for applying the same underlying test data and in terms of using the available evidence 

reported under the European REACH regulation. 
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Figures 

Figure 1. Decision tree containing data selection criteria (boxes with yes/no option) 

and harmonization steps applied to the retrieved freshwater ecotoxicological 

REACH dossiers for obtaining a high quality harmonized dataset as starting point 

for data analysis. 
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Figure 2. Pairwise comparison of different ecotoxicological effect endpoints (NOEC, 

EC50, and EC10eq) and exposure duration classes (acute and chronic) for different 

species groups. White dashed lines represent 1:1 lines, and colored dashed lines 

represent species group-specific regression lines with unity slope, with regression 

line colors matching data point colors. Colored plot axes represent the endpoints 

toward which the calculation of an extrapolation factor was conducted, namely 

toward NOECchronic (left-side plots), EC50chronic (middle plots), and EC10chronic
eq  

(right-side plots). 
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Figure 3. Variability of acute and chronic EC50 (top) and NOEC (bottom) data 

points for different species groups. “Other” includes aquatic invertebrates (non-

crustaceans), aquatic vertebrates and aquatic plants other than algae. 
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Figure 4. Mean acute and chronic EC50 across harmonized data points per 

chemical, grouped according to different species groups and ranked by increasing 

sensitivity of crustaceans, with 448 (fish), 435 (crustaceans) and 15 

(algae/cyanobacteria) acute and 24 (fish), 87 (crustaceans) and 92 

(algae/cyanobacteria) chronic data. “Other” includes aquatic invertebrates (non-

crustaceans), aquatic vertebrates and aquatic plants other than algae. 
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Figure 5. Correlation between EC50, EC10eq and NOEC (y-axis) and Kow (x-axis) for 

chemicals with a ‘non-polar narcosis’ mode of action. Regression equations are presented 

separately for acute and chronic data, along with their respective underlying number of 

data points and R2. 
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Table 1. Overview of applied steps for harmonizing reported ecotoxicity information, 

with examples provided for each step 

Aspect Harmonization steps Examples 

Chemical 
identifier 

Complete for each data point the latest 
CAS registry number when missing(a) 

Missing CAS registry 
number ‘1680-31-5’ 
assigned to ‘dioctyl 
carbonate’ (EC number: 
434-850-2) 

Species name Conversion to latest official species 
names(b) 

‘Brachydanio rerio’ (old 
name) changed to ‘Danio 
rerio’ 

Species group Allocation of tested species to the 
relevant species group (i.e., algae, 
cyanobacteria and microorganism, 
invertebrates (crustaceans), fish, 
invertebrates (non-crustaceans), 
vertebrates and aquatic plants other than 
algae)(b) 

‘Daphnia magna’ allocated 
to ‘invertebrates 
(crustaceans)’; ‘Danio rerio’ 
allocated to ‘fish’ 

Exposure 
duration 

Conversion of exposure duration values 
into common unit (e.g., using ‘days’ as 
common unit) 

‘48 hours’ of exposure 
converted to ‘2 days’ 

Effect 
concentration 

Effect concentration values converted 
into consistent unit (e.g., using ‘mg/L’ as 
common unit) 

‘0.02 g/L’ converted to ‘20 
mg/L’ 

Exposure 
duration type 

Allocation of exposure duration to 
exposure duration type (acute vs. 
chronic); acute ≤1 day for algae, 
cyanobacteria and microorganism, ≤4 
days for invertebrates (crustaceans) and ≤ 
7 days for fishes, invertebrates (non-

Exposure of Daphnia magna 
(crustaceans) of 4 days 
allocated as ‘acute’; 
exposure of Danio rerio 
(fishes) of 21 days allocated 
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crustaceans), vertebrates and aquatic 
plants other than algae(c) 

as ‘chronic’ 

Endpoint Harmonization and aggregation of 
endpoints; EC0, EL0, IC0, LC0, 
NOAEC, NOEC, NOEbC, NOErC, 
NOEL grouped into NOEC; EC10, IC10, 
LC10, LOEC grouped into EC10eq; 
EC50, EbC50, EbL50, ErC50, ErL50, 
IC50, LC50 grouped into EC50 

‘NOErC’ changed to 
‘NOEC’; ‘EC0’ changed to 
‘NOEC’ 

(a) Official chemical databases (e.g. U.S. Environmental Protection Agency’s Chemistry 
Dashboard, comptox.epa.gov/dashboard) 
(b) Official species lists (e.g. International Union for Conservation of Nature and Natural 
Resources’ species lists, www.iucnredlist.org) 
(c) de Zwart (2002), Payet (2005), Müller et al. (2017), King et al. (2017), Posthuma et al. 
(2019) 

NOEC = No-Observed Effect Concentration 

Table 2. Overview of the distribution of harmonized ecotoxicity data points (count) 

across species groups and effect endpoints 

Endpoint NOEC LOEC EC10 EC50 ECother Total 

Species Group | Exposure duration Acute Chronic Acute Chronic Acute Chronic Acute Chronic Acute Chronic 
 

Algae and cyanobacteria 10 1201 4 202 2 423 25 1237 5 161 3270 

Aquatic plants other than algae 19 - 3 - 7 1 16 5 2 - 53 

Bacteria 37 4 1 - 81 - 93 - 43 1 260 

Fish 882 216 36 53 14 4 1326 41 245 3 2820 

Invertebrates (crustaceans) 792 409 41 141 51 40 1228 193 217 11 3123 

Invertebrates (non-crustaceans) 25 11 - 3 - - 44 1 8 - 92 

Vertebrates 1 3 1 - - - 4 - - - 9 
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 Total 1766 1844 86 399 155 468 2736 1477 520 176 9627 

NOEC = No-Observed Effect Concentration; LOEC = Lowest Observed Effect 

Concentration; EC10 = Effect concentration inducing a 10% response over background; 

EC50 = Effect concentration inducing a 50% response over background; ECother = 

Effect concentration inducing a given response over background, grouping all remaining 

reported EC data points (i.e., EC20, EC25, EC75, EC100) 

Table 3. Extrapolation factors and 95% confidence interval (CI) ranges per species 

group for different ecotoxicological effect endpoint-exposure duration combinations, 

including regression statistics for best-fit regressions, and for regression with slope 

set to unity 

Extrapolation 
between 
endpoints* 

Species 
group 

Extrapolation 
factor = 
1/10intercept  

(95% CI) 

Data 
points** 

Intercept 

(95% 
CI) 

Slope 

(95%CI) 

Standard 
error 

Standard 
error, 

slope = 1 

R2 R2, 

slope 
= 1 

to EC50chronic 

from EC50acute 

Fish 1.71 

(1.13 to 2.58) 

n=18 

ny=23 

nx=44 

-0.233  

(-0.41 to  

-0,06) 

1.002 
(0.88 to 
1.12) 

0.258 0.258 0.953 0.953 

Invertebrates 3.14 

(2.20 to 4.48) 

n=74 

ny=147 

nx=186 

-0.496 

(-0.65 to  

-0.34) 

0.850 

(0.74 to 
0.96) 

0.532 0.575 0.775 0.736 

Algae and 
bacteria 

1.14 

(0.57 to 2.29) 

n=14 

ny=35 

nx=17 

-0.056  

(-0.36 to 
0.26) 

0.938 

(0.73 to 
1.15) 

0.300 0.315 0.888 0.876 

to EC50chronic 

from 
NOECchronic 

Fish 0.31 

(0.20 to 0.47) 

n=19 

ny=26 

nx=38 

0.513  

(0.33 to 

0.70) 

0.863 

(0.74 to 
0.98) 

0.371 0.434 0.933 0.908 

Invertebrates 0.36 

(0.30 to 0.44) 

n=89 

ny=173 

0.441  

(0.35 to 

0.950  

(0.87 to 

0.413 0.417 0.870 0.867 
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 Extrapolation 

between 
endpoints* 

Species 
group 

Extrapolation 
factor = 
1/10intercept  

(95% CI) 

Data 
points** 

Intercept 

(95% 
CI) 

Slope 

(95%CI) 

Standard 
error 

Standard 
error, 

slope = 1 

R2 R2, 

slope 
= 1 

nx=168 
0.53) 1.03) 

Algae and 
bacteria 

0.18 

(0.16 to 0.20) 

n=399 

ny=881 

nx=763 

0.748  

(0.70 to  

0.80) 

0.857 
(0.82 to 
0.90) 

0.492 0.524 0.800 0.773 

to EC50chronic 

from 
NOECacute 

Fish 0.75 

(0.22 to 2.59) 

n=11 

ny=15 

nx=12 

0.126 

(-0.41 to  

0.66) 

1.08 
(0.76 to 
1.4) 

0.618 0.636 

 

0.864 

 

0.855 

Invertebrates 1.43 

(0.85 to 2.41) 

n=61 

ny=120 

nx=106 

-0.15 

(-0.38 to 
0.07) 

0.558 

(0.40 to 
0.72) 

0.824 1.032 0.440 0.122 

to EC50chronic 

from 
EC10chronic

eq  

Fish 0.32 

(0.16 to 0.62) 

n=9 

ny=14 

nx=15 

0.50 

(0.21 to  

0.76) 

0.867 
(0.69 to 
1.04) 

0.347 0.428 

 

0.952 

 

0.927 

Invertebrates 0.65 

(0.53 to 0.80) 

n=76 

ny=149 

nx=109 

0.190 

(0.10 to  

0.28) 

0.978 
(0.90 to 
1.06) 

0.394 0.395 

 

0.843 

 

0.802 

Algae and 
bacteria 

0.27 

(0.23 to 0.30) 

n=312 

ny=656 

nx=564 

0.58 

(0.52 to  

0.63) 

0.899 
(0.86 to 
0.94) 

0.425 0.450 

 

0.836 

 

0.809 

to NOECchronic 

from EC50acute 

Fish 6.21 

(2.92 to 13.17) 

n=54 

ny=112 

nx=91 

-0.7927 

(-1.12 to  

-0.47) 

0.99 
(0.79 to 
1.18) 

0.841 0.841 

 

0.670 

 

0.669 

Invertebrates 5.53 

(3.84 to 7.97) 

n=155 

ny=266 

nx=343 

-0.743 

(-0.90 to  

-0.58) 

0.706 
(0.61 to 
0.80) 

0.775 0.918 

 

0.582 

 

0.414 
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 Extrapolation 

between 
endpoints* 

Species 
group 

Extrapolation 
factor = 
1/10intercept  

(95% CI) 

Data 
points** 

Intercept 

(95% 
CI) 

Slope 

(95%CI) 

Standard 
error 

Standard 
error, 

slope = 1 

R2 R2, 

slope 
= 1 

Algae and 
bacteria 

2.04 

(0.76 to 5.50) 

n=11 

ny=24 

nx=12 

-0.309 

(-0.74 to  

0.12) 

0.697 
(0.40 to 
0.99) 

0.409 0.674 

 

0.758 

 

0.416 

to NOECchronic 

from 
EC50chronic 

Fish 3.41 

(1.99 to 5.84) 

n=19 

ny=38 

nx=26 

-0.532 

(-0.77 to  

-0.30) 

1.082 
(0.93 to 
1.23) 

0.415 0.437 

 

0.933 

 

0.926 

Invertebrates 2.68 

(2.19 to 3.28) 

n=89 

ny=168 

nx=173 

-0.427 

(-0.52 to  

-0.34) 

0.92 
(0.84 to 
0.99) 

0.406 0.418 

 

0.870 

 

0.862 

Algae and 
bacteria 

3.91 

(3.29 to 4.65) 

n=399 

ny=763 

nx=881 

-0.593 

(-0.67 to  

-0.52) 

0.93 
(0.89 to 
0.98) 

0.514 0.525 

 

0.800 

 

0.792 

to NOECchronic 

from 
NOECacute 

Fish 3.14 

(1.48 to 6.63) 

n=31 

ny=82 

nx=45 

-0.496 

(-0.82 to  

-0.17) 

0.969 
(0.77 to 
1.17) 

0.779 0.781 

 

0.781 

 

0.779 

Invertebrates 3.11 

(2.12 to 4.56) 

n=137 

ny=225 

nx=217 

-0.492 

(-0.66 to  

-0.33) 

0.620 
(0.51 to 
0.73) 

0.857 1.037 

 

0.482 

 

0.242 

to NOECchronic 

from 
EC10chronic

eq  

Invertebrates 0.99 

(0.82 to 1.22) 

n=36 

ny=70 

nx=58 

0.0002 

(-0.09 to  

0.09) 

0.977 

(0.88 to 
1.07) 

0.246 0.247 

 

0.923 

 

0.922 

Algae and 
bacteria 

1.98 

(1.74 to 2.26) 

n=301 

ny=558 

nx=554 

-0.298 

(-0.35 to  

-0.24) 

0.978 
(0.94 to 
1.02) 

0.413 0.414 

 

0.882 

 

0.881 

to EC10chronic
eq  Fish 1.55 n=9 -0.191 1.031 

(0.83 to 
0.347 0.428 0.952 0.951 



 

This article is protected by copyright. All rights reserved. 

A
cc

ep
te

d 
A

rt
ic

le
 Extrapolation 

between 
endpoints* 

Species 
group 

Extrapolation 
factor = 
1/10intercept  

(95% CI) 

Data 
points** 

Intercept 

(95% 
CI) 

Slope 

(95%CI) 

Standard 
error 

Standard 
error, 

slope = 1 

R2 R2, 

slope 
= 1 

from 
EC50chronic 

(0.67 to  

3.66) 

ny=15 

nx=14 

(-0.56 to  

0.18) 

1.24) 
  

Invertebrates 1.94 

(1.56 to 2.41) 

n=76 

ny=109 

nx=149 

-0.288 

(-0.38 to  

-0.19) 

0.943 
(0.87 to 
1.02) 

0.348 0.354 

 

0.843 

 

0.802 

Algae and 
bacteria 

2.24 

(1.90 to 2.65) 

n=312 

ny=564 

nx=656 

-0.351 

(-0.42 to  

-0.28) 

0.905 
(0.86 to 
0.95) 

0.452 0.478 

 

0.836 

 

0.809 

to EC10chronic
eq  

from 
NOECchronic 

Invertebrates 0.95 

(0.77 to 1.16) 

n=36 

ny=58 

nx=70 

-0.022 

(-0.06 to  

0.11) 

0.945 

(0.85 to 
1.04) 

0.242 0.247 

 

0.923 

 

0.919 

Algae and 
bacteria 

0.44 

(0.39 to 0.49) 

n=301 

ny=554 

nx=558 

0.359 

(0.31 to  

0.41) 

0.902 
(0.86 to 
0.94) 

0.397 0.520 

 

0.882 

 

0.870 

to EC10chronic
eq  

from EC50acute 

Fish 7.44 

(2.92 to  

18.95) 

n=26 

ny=29 

nx=44 

-0.871 

(-1.28 to  

-0.46) 

1.036 
(0.74 to 
1.33) 

0.817 1.175 

 

0.685 

 

0.682 

Invertebrates 3.38 

(2.14 to 5.34) 

n=93 

ny=129 

nx=198 

-0.529 

(-0.73 to  

-0.33) 

0.680 
(0.55 to 
0.81) 

0.718 0.881 

 

0.559 

 

0.339 

to EC10chronic
eq  

from 
NOECacute 

Fish 3.97 

(0.90 to  

17.39) 

n=12 

ny=12 

nx=14 

-0.598 

(-1.24 to  

0.04) 

0.897 

(0.35 to 
1.45) 

0.989 1.203 

 

0.568 

 

0.541 

Invertebrates 1.55 

(0.91 to 2.64) 

n=77 

ny=110 

-0.190 

(-0.42 to  

0.456 
(0.29 to 
0.62) 

0.861 1.162 

 

0.294 

 

0.222 



 

This article is protected by copyright. All rights reserved. 

A
cc

ep
te

d 
A

rt
ic

le
 Extrapolation 

between 
endpoints* 

Species 
group 

Extrapolation 
factor = 
1/10intercept  

(95% CI) 

Data 
points** 

Intercept 

(95% 
CI) 

Slope 

(95%CI) 

Standard 
error 

Standard 
error, 

slope = 1 

R2 R2, 

slope 
= 1 

nx=127 0.04) 

* NOEC = No-Observed Effect Concentration; EC50 = Effect concentration inducing a 
50% response over background; EC10eq = combined set of LOEC (Lowest Observed 
Effect Concentration) and EC10 (Effect concentration inducing a 10% response over 
background) 

**n represents the number of averaged data points, while nx and ny indicate the numbers 
of total individual data points per reported endpoints x and y. 

Table 4. Recommended default extrapolation factors (slope set to unity), 95% 

confidence interval (CI) ranges and best-fit extrapolation factors for chronic 

ecotoxicity effect endpoints EC50, NOEC, and EC10eq. 

Recommended default 
extrapolation*  

Default 
extrapolation 
factors (95% 
CI) 

Best-fit extrapolation 

EC50chronic =
EC50acute

2
 2 (1.8 – 3.4) EC50chronic =

(EC50acute)0.9

2.5
 

EC50chronic =
NOECchronic

0.4
 0.4 (0.2 – 0.6) EC50chronic =

(NOECchronic)0.9

0.3
 

EC50chronic =
NOECacute

1.2
 1.2 (0.7 – 1.9) EC50chronic =

(NOECacute)0.7

1.1
 

EC50chronic =
EC10chronic

eq

0.5
 0.5 (0.2 – 0.8) EC50chronic =

(EC10chronic
eq )0.9

0.35
 

NOECchronic =
EC50acute

5
 5 (3.8 – 7.5) NOECchronic =

(EC50acute)0.8

5.4
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 Recommended default 

extrapolation*  
Default 
extrapolation 
factors (95% 
CI) 

Best-fit extrapolation 

NOECchronic =
EC50chronic

3.3
 3.3 (3.0 – 4.1) NOECchronic =

(EC50chronic)0.9

3.5
 

NOECchronic =
NOECacute

3.1
 3.1 (2.2 – 4.4) NOECchronic =

(NOECacute)0.7

3.13
 

NOECchronic =
EC10chronic

eq

1.7
 1.7 (1.5 – 2.1) NOECchronic =

(EC10chronic
eq )0.7

1.8
 

EC10chronic
eq =

NOECacute
1.8

 1.8 (1.0 – 2.7) EC10chronic
eq =

(NOECacute)0.7

1.9
 

EC10chronic
eq =

EC50acute
4

 4 (2.6 – 6.1) EC10chronic
eq =

(EC50acute)0.9

4.7
 

EC10chronic
eq =

NOECchronic
0.6

 0.6 (0.4 – 0.7) EC10chronic
eq =

(NOECchronic)0.9

0.53
 

EC10chronic
eq =

EC50chronic
2

 2 (1.8 – 2.5) EC10chronic
eq =

(EC50chronic)0.9

2.16
 

*NOEC = No-Observed Effect Concentration; EC50 = Effect concentration inducing a 
50% response over background; EC10eq = combined set of LOEC (Lowest Observed 
Effect Concentration) and EC10 (Effect concentration inducing a 10% response over 
background) 
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