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A B S T R A C T   

Species sensitivity distributions (SSDs) estimated by fitting a statistical distribution to ecotoxicity data are 
indispensable tools used to derive the hazardous concentration for 5 % of species (HC5) and thereby a predicted 
no-effect concentration in environmental risk assessment. Whereas various statistical distributions are available 
for SSD estimation, the fundamental question of which statistical distribution should be used has received limited 
systematic analysis. We aimed to address this knowledge gap by applying four frequently used statistical dis
tributions (log-normal, log-logistic, Burr type III, and Weibull distributions) to acute and chronic SSD estimation 
using aquatic toxicity data for 191 and 31 chemicals, respectively. Based on the differences in the corrected 
Akaike’s information criterion (AICc) as well as visual inspection of the fitting of the lower tails of SSD curves, 
the log-normal SSD was generally better or equally good for the majority of chemicals examined. Together with 
the fact that the ratios of HC5 values of other alternative SSDs to those of log-normal SSDs generally fell within 
the range 0.1–10, our findings indicate that the log-normal distribution can be a reasonable first candidate for 
SSD derivation, which does not contest the existing widespread use of log-normal SSDs.   

1. Introduction 

Chemical pollution is a global driver that causes adverse environ
mental impacts as well as human health problems (Johnson et al., 2020; 
Persson et al., 2022; Steffen et al., 2015). Indeed, Persson et al. (2022) 
have reasoned that the safe operating space that lies within the plane
tary boundary of chemical pollution, highlighted by plastic pollution, 
has likely been exceeded. Conducting ecological risk assessments, 
including hazard and exposure assessments, is a fundamental step to
wards addressing chemical pollution. 

Species sensitivity distributions (SSDs) are crucial tools for deriving 
the hazardous concentration for 5 % of species (HC5) that is funda
mental to predict environmentally “safe” concentrations in ecological 
risk assessments (Posthuma et al., 2019, 2002). SSDs are statistical 
distributions that express the different sensitivities (toxicity values) of 
species to chemicals, typically obtained by fitting a statistical 

distribution to data from ecotoxicity tests. For example, the HC5 esti
mated from an SSD based on toxicity metrics such as no observed effect 
concentrations (NOECs) and 10 % effect concentrations is frequently 
used to derive a predicted no-effect concentration (PNEC) or environ
mental benchmark values such as water quality standards. Similarly, 
HC5 values derived from SSDs based on acute toxicity measures, such as 
50 % effect concentration (EC50) and median lethal concentration 
(LC50), are primarily used in pesticide risk assessment (EFSA Panel on 
Plant Protection Products and their Residues (PPR), 2013). Historically, 
the choice of the statistical distribution for an SSD has been based on 
practicality rather than scientifically defensible evidence. Several dis
tributions are commonly used and are recommended in extant guide
lines. For example, the log-normal distribution is considered a pragmatic 
choice and is recommended in several guidelines (European Commis
sion., 2011; Wheeler et al., 2002). Because the mathematical properties 
of the normal distribution have been extensively investigated 
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(Aldenberg and Jaworska, 2000; Kamo et al., 2022), it is possible to 
derive the magnitude of the assessment factor required to achieve pro
tection of 95 % of species with a probability of 95 % based on the sample 
size and the variation of sensitivity (Kamo et al., 2022). Similarly, the 
log-logistic distribution, which has wider tails and employs a more 
conservative assumption than the log-normal distribution (Aldenberg 
and Slob, 1993), is commonly used for SSD estimation (Warne et al., 
2018; Wheeler et al., 2002). In Australia and New Zealand, the Burr type 
III distribution, which is the specific case of the generalized Burr dis
tribution (Burr, 1942; Shao, 2000), has been adopted as one of the 
standard distributions to estimate SSDs (Warne et al., 2018). 

Previous studies (Grist et al., 2002; He et al., 2014; Newman et al., 
2000; Wheeler et al., 2002; Xu et al., 2015; Zhao and Chen, 2016) have 
compared the consequences of choosing a particular statistical distri
bution for an SSD by using several different distributions as well as 
bootstrap methods to estimate SSDs. However, most of the studies failed 
to incorporate distributions other than log-normal and log-logistic dis
tributions, and comparisons using chronic toxicity data have been 
limited. For example, Newman et al. (2000) used NOECs to estimate 
SSDs for eight of 23 chemicals, but other studies (Grist et al., 2002; He 
et al., 2014; Wheeler et al., 2002; Xu et al., 2015; Zhao and Chen, 2016) 
relied on acute toxicity data, such as EC50 and LC50 for a maximum of 
32 chemicals. Furthermore, the relationship between the choice of dis
tribution and HC5 remains unclear because there was a lack of consis
tency in the choice of the distributions or methods used to estimate SSDs 
across the studies (Grist et al., 2002; He et al., 2014; Newman et al., 
2000; Wheeler et al., 2002; Xu et al., 2015; Zhao and Chen, 2016). 
Therefore, a more systematic understanding of how the choice of a 
distribution affects the derivation of HC5 is crucial. To tackle this 
challenge, it is essential to employ larger datasets containing a wide 
range of test species and chemicals, as well as more types of statistical 
distributions. 

As an alternative approach to choosing a single distribution for SSD 
estimation, model averaging based on information criteria such as 
Akaike’s information criterion (AIC) has been implemented in several 
software tools (see (Fox et al., 2021)) for more details) and utilized at the 
national level (Canadian Council of Ministers of the Environment, 2019) 
and several recent studies (e.g., (Hamoutene et al., 2023; Wang et al., 
2023)). While the model-averaging-based SSD estimation is appealing 
because it skips the selection process of a single distribution to be 
applied and incorporates the uncertainty about which model is correct 
(Schwarz and Tillmanns, 2019), it is important to note that model 
averaging does not necessarily guarantee a reduction in prediction error 
(see (Dormann et al., 2018) for a more comprehensive discussion). 
Additionally, the adoption of the model averaging for SSD estimation in 
many jurisdictions worldwide is not yet common. Therefore, addressing 
which distribution to choose for the SSD estimation is of continuous 
value. Findings obtained from such attempts should also provide valu
able insights into e.g., the identification of candidate statistical distri
butions for the model averaging. 

In this study, we analyzed both acute and chronic toxicity data for a 
wide range of chemicals to address the question of which statistical 
distribution is better suited for the SSD estimation by comparing the 
relative goodness of models in terms of prediction as well as HC5 values 
derived from SSDs. We used four different statistical distributions: log- 
normal, log-logistic, Burr Type III, and Weibull. The acute and chronic 
ecotoxicity data obtained from a curated database (Connors et al., 2019) 
were used to examine a wide range of chemicals. The four distributions 
were selected because they are considered candidate distributions or 
have been proposed as standard methods in several guidelines by the 
European Commission, Australia, and New Zealand (European Com
mission., 2011; Fox et al., 2021; Warne et al., 2018). Because the 
log-normal distribution is one of the most common distributions used to 
estimate SSDs (European Commission., 2011; Posthuma et al., 2019; 
Wheeler et al., 2002), we regarded it as a reference model in this study. 
Our approach was to compare the predictive goodness and HC5 values of 

the log-normal SSD with those of SSDs based on the other three 
distributions. 

2. Materials and methods 

2.1. Ecotoxicity data compilation 

An ecotoxicity dataset was collected from the EnviroTox database 
version 2.0.0 (https://envirotoxdatabase.org; (Connors et al., 2019)). 
The EnviroTox is a recently developed ecotoxicity database curated from 
existing databases, such as USEPA’s ECOTOXicology Knowledgebase 
and OECD QSAR Toolbox (Connors et al., 2019), and it has previously 
been used in research to compare acute and chronic SSDs (Hiki and 
Iwasaki, 2020) as well as freshwater and saltwater SSDs (Yanagihara 
et al., 2022). The dataset obtained from the EnviroTox database 
included a total of 67,019 test records (55,598 acute and 11,421 
chronic) for 1426 species and 4125 chemicals. Chemicals were classified 
based on Consensus Mode of Action (MoA) categories derived by 
combining four existing frameworks that focus mainly on fish toxicity: 
Verhaar framework, Assessment Tool for Evaluating Risk, Toxicity 
Estimation Software Tool, and OASIS (Connors et al., 2019; Kienzler 
et al., 2019). The Consensus MoA, hereafter referred to simply as the 
MoA, classifies chemicals into three categories: narcotic, specifically 
acting, and unclassified. The MoA was used to explore its possible in
fluences on the comparison of the four different distributions, as 
examined similarly in previous studies (Hiki and Iwasaki, 2020; Oginah 
et al., 2023; Yanagihara et al., 2022). Both freshwater and saltwater 
toxicity data were used without distinction in our analysis because no 
systematic differences were found between SSDs estimated separately 
from the two types of data (Yanagihara et al., 2022). Furthermore, a 
preliminary analysis indicated that the inclusion of elements such as zinc 
and copper in our SSD analysis did not materially affect our conclusions. 
However, considering the challenges involved in accurately accounting 
for the influence of water chemistry parameters such as pH and water 
hardness on the bioavailability and toxicity of these elements (Adams 
et al., 2020), they were excluded from our SSD analysis. 

To select records and chemicals for estimating SSDs, we used the 
following criteria, which were slightly modified from previous studies 
(Hiki and Iwasaki, 2020; Yanagihara et al., 2022): (1) the acute effect 
measures were EC50 or LC50, and the chronic effect measures were 
NOEC or the no-observed-effect level (NOEL); (2) the effect concentra
tions did not exceed five times the water solubility of the tested chemical 
(Connors et al., 2019); (3) the SSDs were estimated based on toxicity 
data of 10 or more species from at least three of four taxonomic groups 
(referred to as trophic groups in ecological risk assessment): algae, in
vertebrates, amphibians, and fish (Yanagihara et al., 2022); and (4) the 
bimodality coefficient, which was derived from the sample size, skew
ness, and excess kurtosis, did not exceed 0.555, a benchmark value 
suggested by previous studies (Fox et al., 2021; Freeman and Dale, 2013; 
Pfister et al., 2013). We excluded chemicals with bimodal toxicity data 
based on this bimodality coefficient to concentrate on our primary goal 
of examining the model selection in terms of fitting single statistical 
distributions. This is because chemicals with a certain mode of action are 
likely to exhibit bi- or multimodal SSDs (Oginah et al., 2023), and such 
data may require different approaches such as estimating SSDs for 
separate sensitivity groups (Fox et al., 2021). Based on these criteria, we 
selected 7176 out of 55,598 acute test records and 745 out of 11,421 
chronic test records. These records included results for 268 and 42 test 
chemicals in acute and chronic toxicity tests, respectively. 

2.2. Data analysis 

The data analysis was conducted using R version 4.1.3 (R Core Team, 
2022) with the R packages “tidyverse” (Wickham et al., 2019) and 
“ssdtools” (Thorley and Schwarz, 2018). We used “ggplot2” (Wickham, 
2016) to visualize data. For SSD estimation, we utilized the 
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“ssd_fit_dists” function in the “ssdtools” package to fit four distributions 
(log-normal, log-logistic, Burr type III, and Weibull distributions) using 
maximum likelihood estimation. If multiple effect concentrations were 
available for a specific combination of species and a chemical, the 
geometric mean of these concentrations was calculated and employed in 
the SSD estimation. Notably, for 77 chemicals with acute data and 11 
chemicals with chronic data, the Burr type III distribution could not be 
fitted because the calculations failed to converge, and these chemicals 
were removed from further analyses. It is known that estimating the 
parameters of the Burr type III distribution using maximum likelihood 
may be susceptible to issues of numerical stability and convergence (Fox 
et al., 2021). The HC5 values for each SSD model were estimated using 
the “ssd_hc” function in the “ssdtools” package via parametric boot
strapping with 1000 iterations. 

Subsequently, the corrected Akaike’s information criterion for small 
sample sizes (AICc) and the HC5 values of each SSD model were 
compared with the results from the log-normal SSD. Akaike’s informa
tion criterion (AIC) is a measure of goodness of fit and model complexity 
(the number of parameters included) and is used to rank fitted models in 
terms of prediction (Burnham et al., 2011). In our analysis, the AICc was 
used for model comparison because the available toxicity data were 
generally limited for individual chemicals. The difference in AICc values 
(AICc differences) can be used to determine the relative goodness of 
models in terms of prediction. As a rule of thumb, models with AICc 
differences greater than 9–11 or greater than 20 have little or essentially 
no empirical support from the data, respectively (Burnham et al., 2011). 
Here, to compare the log-normal SSD with SSDs based on other distri
butions for each chemical, we calculated AICc differences by subtracting 
the AICc value of the log-normal SSD from those of other SSDs. In 
addition, according to Burnham et al. (2011), we used absolute AICc 
differences of >10 and >20 to operationally evaluate the relative 
importance of models. We also compared HC5 ratios, calculated by 
dividing the HC5 values of the alternative SSDs by that of the log-normal 
SSD. These HC5 comparisons were carried out for SSDs based on all the 
four distributions, regardless of the resulting AICc values (i.e., predictive 
accuracy), to examine the deviations from the log-normal SSDs. In 
addition, we calculated the kurtosis and skewness of toxicity data using 
the “kurtosis” and “skewness” functions in the “e1071” package (Meyer 
et al., 2023). The R code for the SSD modeling, as well as an example 
dataset, can be found on the GitHub website at https://github. 
com/miinay/SSD_distribution_comparison. 

3. Results and discussion 

3.1. Overview of estimated SSDs 

We estimated acute and chronic SSDs for 191 and 31 chemicals, 
respectively. Table 1 shows the summary information on the chemicals 

and the number of species per SSD (see Supplementary Material for more 
detailed information). Based on the MoA (Connors et al., 2019; Kienzler 
et al., 2019), the 77, 42, and 72 chemicals for acute SSDs were classified 
into narcotic, specifically acting, and unclassified groups, respectively. 
Among the chemicals for chronic SSDs, 10, 9, and 12 chemicals were 
classified as narcotic, specifically acting, and unclassified groups, 
respectively. As expected, toxicity data for more species were available 
for the acute SSDs than the chronic SSDs (Table 1). Toxicity data used for 
the estimation of acute SSDs included three and four taxonomic groups 
for 142 and 49 chemicals, respectively. For all 31 chronic SSDs, the 
toxicity data were available for only three taxonomic groups: algae, 
invertebrates, and fish. More specifically, for acute toxicity data, the 
average compositions of the taxonomic groups in each SSD (algae, in
vertebrates, fish, and amphibians) were 16.8 %, 36.1 %, 45.0 %, and 
2.0 %, respectively. For chronic toxicity data, the compositions were 
46.7 %, 30.8 %, 22.5 %, and 0 %, respectively. 

3.2. Comparisons of the models obtained with the four distributions 

Comparisons between the log-normal and three other SSDs (i.e., log- 
logistic, Burr type III, and Weibull distributions) for 191 and 31 chem
icals based on acute and chronic toxicity data, respectively, revealed a 
limited number of cases of large AICc differences (Fig. 1). No specific 
MoA was related to the larger AICc differences (Fig. 1). The absolute 
values of the AICc differences were smaller than 10 for 542 (95 %) and 
92 (99 %) paired comparisons of acute and chronic SSDs, respectively. 
The numbers of cases wherein the absolute value of the AICc difference 
exceeded 10 or 20 were 31 and 6 among a total of 573 paired compar
isons of acute SSDs, and 1 and 0 among a total of 93 paired comparisons 
of chronic SSDs, respectively. These results showed that, in most cases, it 
was not straightforward to choose the single best statistical distribution 
to estimate an SSD for prediction purposes based on the AICc value. 

Among the cases where the absolute AICc differences exceeded 10 
(31 cases for acute SSDs and one case for a chronic SSD), 23 cases 
exhibited AICc differences >10 and the remaining nine cases showed 
AICc differences below − 10. In the nine cases of AICc differences below 
− 10, the HC5 differences between the log-normal SSDs and the other 
SSDs were smaller than a factor of 10. The implication was that the use 
of log-normal SSDs did not result in large HC5 differences, despite not 
being selected as the best SSD based on the AICc (see the next section for 
a discussion of HC5 ratios). These nine cases were derived from five 
chemicals (Figure S1 and Table S1), and the distributions that showed 
smaller AICc values than the log-normal distribution (i.e., the distribu
tions that were better supported by the AICc) varied between chemicals. 
Among the five chemicals, the Shapiro-Wilk test rejected the assumption 
of normality for the log10-transformed toxicity data of three chemicals: 
pentachlorophenol, 3,4-dichloroaniline, and 2,4-dichlorophenol. This 
result at least indicates that deviations from normality, as assessed by 
the Shapiro-Wilk test, can help identify cases where the use of the log- 
normal SSDs is less suitable than SSDs based on other distributions 
from the AICc perspective. 

The AICc differences greater than 10 occurred mainly in the com
parisons between log-normal and Weibull SSDs (19 out of 22 cases for 
acute SSDs and one case for chronic SSD), indicating stronger support for 
the log-normal SSD in these cases. Because we found some characteristic 
deviations at the tails of the distributions (Figure S2), we compared the 
skewness and kurtosis of the toxicity data with AICc differences 
(Figure S3). Chemicals with positively skewed data—longer tails at 
higher toxicity values—tended to have larger AICc differences for the 
Weibull distribution. In contrast, chemicals with negatively skewed data 
did not have larger AICc differences, suggesting that the Weibull dis
tribution could be fitted satisfactorily to negatively skewed but not to 
positively skewed data. These observations were consistent across both 
acute and chronic toxicity data (Figure S3). 

By simply focusing on the best model with the smallest AICc value, 
the log-normal, log-logistic, Burr type III, and Weibull distributions were 

Table 1 
Summary information about the number of chemicals examined and number of 
species in the species sensitivity distributions (SSDs) used in the present study 
(mean ± standard deviation; minimum–maximum).    

Total Mode of action  

Narcotic Specifically 
acting 

Unclassified 

Acute 
SSD 

Number of 
chemicals 

191 77 42 72 

Number of 
species per 
SSD 

30 ± 32 
(10–215) 

24 ± 30 
(10–215) 

43 ± 42 
(10–199) 

29 ± 23 
(10–154) 

Chronic 
SSD 

Number of 
chemicals 

31 10 9 12 

Number of 
species per 
SSD 

18 ± 8 
(10–51) 

15 ± 5 
(10–23) 

21 ± 12 
(10–51) 

19 ± 7 
(10–31)  
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selected as the best model for 33 %, 20 %, 6 %, and 40 % of the 191 
chemicals for acute SSDs. For chronic SSDs, the corresponding per
centages were 29 %, 23 %, 0 %, and 48 % of the 31 chemicals. The 
proportions of Weibull SSDs selected as the best models were somewhat 
higher than those of log-normal SSDs. However, when the Weibull SSD 
was not selected as the best model (i.e., the sub-optimal model), large 
differences in AICc (e.g., > 10) between the best models and the Weibull 
SSD models were more frequently observed (18 % and 12.5 % of the 
cases where the Weibull SSD was the sub-optimal model in acute and 
chronic SSDs, respectively), compared to the differences between the 
best model and the sub-optimal log-normal SSD (4 % and 0 %, similarly 
as above). Note that the emphasis on only best models can be misleading 
in cases where the AICc differences between the best model and other 

sub-optimal models are not substantial (e.g., AICc difference <10). A 
few studies have demonstrated that SSDs corresponding to a specific 
distribution (e.g., Burr type III distribution or Gompertz distribution) 
were most often selected as the best models for multiple chemicals (He 
et al., 2014; Newman et al., 2000), but making rigorous comparisons is 
difficult because of variations in the sets of statistical distributions 
examined and the methodologies used for selecting the “best” model 
(see Supplementary Material and Table S2). 

3.3. Comparisons of HC5 values estimated by the four distributions 

Comparison of the ratios of HC5 values of alternative SSDs to those of 
log-normal SSDs revealed that, for both acute and chronic SSDs, 98 % of 

Fig. 1. Comparison of the corrected Akaike’s Information Criterion (AICc) difference between the log-normal model and the alternative models for acute species 
sensitivity distributions (SSDs) (A) and chronic SSDs (B). The dotted and dashed lines in each panel indicate AICc differences with absolute values of 10 and 20, 
respectively. Box plots show the distributions of AICc differences for the three models. The bold horizontal line, box, error bar, and plot indicate the median, 
interquartile range, 1.5× (interquartile range), and outlier, respectively. The chemical names have been added where the AICc differences were >20 or <− 20. 

Fig. 2. Comparison of the differences in hazardous concentration for 5% of species (HC5) between the log-normal model and alternative models for acute species 
sensitivity distributions (SSDs) (A) and chronic SSDs (B). The dotted and dashed lines in each panel show HC5 ratios of two and 10, respectively. Box plots show the 
distributions of HC5 ratios for the three models. The bold horizontal line, box, error bar, and plot indicate the median, interquartile range, 1.5× (interquartile range), 
and outlier, respectively. The labels in panel A represent specific chemicals as follows: 1) ametryn, 2) zineb, 3) chlorsulfuron, 4) trichlorfon, 5) bis(tributyltin)oxide, 
6) 2,4-dichlorophenol, 7) phorate, 8) glyphosate, 9) potassium permanganate, 10) calcium hypochlorite, 11) 2-butenoic acid, 3-[(dimethoxyphosphinyl)oxy]-, 
methyl ester, and 12) terbufos. 
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the HC5 ratios fell within the range 0.1–10 (Fig. 2). Specifically, out of a 
total of 573 and 93 comparisons made for acute and chronic SSDs, 
respectively, the HC5 ratios were found to be outside the range 0.1–10 in 
only 12 and 2 cases, respectively. In all 14 of those cases, the HC5 ratios 
were less than 0.1. The implication was that the HC5 values of the other 
SSDs were 0.1 times lower than those of log-normal SSDs. No common 
characteristic of these 14 chemicals was identified in terms of their MoA, 
AICc differences, or the number of species per SSD (Table 2). In addition, 
the average compositions of the taxonomic groups (algae, invertebrates, 
fish, and amphibians) among the chemicals listed in Table 2 were 
18.3 %, 36.0 %, 44.7 %, and 1.0 %, respectively, for acute toxicity data, 
and 41.4 %, 45.2 %, 13.4 %, and 0 %, for chronic toxicity data. These 
compositions were similar to the averaged compositions among all the 
chemicals examined (as mentioned above), suggesting the unclear in
fluence of taxonomic composition on the deviated HC5 ratios. 

The median HC5 ratios of log-logistic SSDs to log-normal SSDs were 
0.99 and 0.98 for acute and chronic SSDs, respectively, and the ratios fell 
within the range 0.5–2 for 97 % of acute SSDs and 94 % of chronic SSDs. 
This result was in line with the findings of previous studies, which have 
often reported trivial differences in fitting between the log-normal and 
log-logistic distributions (Xu et al., 2015; Zhao and Chen, 2016). Simi
larly, the median HC5 ratios of Burr type III SSDs to log-normal SSDs 
were 0.88 and 0.94 for acute and chronic SSDs, respectively, and in 84% 
of acute SSDs and 74% of chronic SSDs, the HC5 ratios were within the 
range 0.5–2. However, the median HC5 ratios of Weibull SSDs to 
log-normal SSDs were smaller: 0.51 for acute SSDs and 0.38 for chronic 
SSDs. The HC5 ratios fell within the range 0.5–2 in 45% of acute SSDs 
and 19% of chronic SSDs, indicating that Weibull SSDs resulted in lower 
HC5 values than log-normal SSDs more frequently than log-logistic or 
Burr type III SSDs did. 

The differences in the HC5s between the Weibull and log-normal 
SSDs that exceeded a factor of 10 (Fig. 2) were primarily found when 
the AICc differences exceeded 10 (six acute cases and one chronic case 
out of nine and two cases, respectively). The implication was that the 
empirical data did not support these Weibull SSDs. The HC5 values 
based on these Weibull SSDs should therefore be handled with consid
erable caution in ecological risk assessments, despite their conservative 
nature. Furthermore, as was the case for the AICc differences between 
the Weibull and log-normal SSDs, the HC5 ratios were clearly related to 
skewness (Figure S4A). The implication was that the presence of higher 
toxicity values on the right side of the distribution contributed to the 
lower HC5 estimates in the Weibull SSDs. The differences between the 
Weibull and log-normal SSDs were also clear in two examples, 
trichlorfon and glyphosate (Figure S2 A, B), where the HC5 ratios fell 

outside the range 0.1–10, and the AICc differences exceeded 20. The 
toxicity data for these two chemicals showed positive skewness, and 
when the highest toxicity values were excluded, the HC5 ratios for both 
chemicals fell within the range 0.1–10. 

Other cases where the HC5 ratios were outside the range 0.1–10 used 
the Burr type III distribution for SSD estimation, but the AICc differences 
were less than 10 (Table 2). The relationships between the HC5 differ
ence and skewness or kurtosis of the toxicity data were unclear in the 
case of the Burr type III model (Figure S4). However, these Burr type III 
SSDs produced poor fits in the lower tails of the SSDs (Figure S2C–E). As 
partly discussed in the European Food Safety Authority guidance (EFSA 
Panel on Plant Protection Products and their Residues (PPR), 2013), 
these results emphasize the importance of visually inspecting the fitting 
of the lower tails of SSDs when selecting a statistical distribution to 
derive an SSD, and thereby an HC5 value. 

3.4. Implications for choice of distribution to derive HC5 values 

Based on AICc differences as well as visual inspection of SSD curves, 
the log-normal SSD was generally better or equally good for the majority 
of acute toxicity estimates of 191 chemicals and chronic toxicity esti
mates of 31 chemicals. Consequently, together with the fact that the 
ratios of HC5 values of other alternative SSDs to those of log-normal 
SSDs generally fell within the range 0.1–10, our findings indicate that 
the log-normal distribution can be a reasonable first choice for SSD 
derivation and do not contest the existing widespread use of log-normal 
SSDs (Aldenberg et al., 2001; Wheeler et al., 2002). However, it should 
be emphasized that our results do not preclude the use of other distri
butions for SSD derivation. In addition, the present study has examined 
the four distributions that have been frequently used for SSD estimation 
in many previous studies as well as ecological risk assessments and 
regulatory processes, but several other distributions, such as arctangent 
distribution, have been recently employed to estimate SSDs (Huang 
et al., 2022). Further studies would be valuable to test our findings by 
incorporating these other distributions. 

Recent advances, particularly in computational techniques, have 
enabled the application and selection of multiple statistical distributions 
for SSD derivation (Fox et al., 2021). This development has further led to 
the incorporation of a model-averaging approach, wherein an HC5 value 
is estimated using a weighted average of SSDs based on multiple sta
tistical distributions (Thorley and Schwarz, 2018). While our study 
compared the application of individual statistical distributions to esti
mate an SSD and investigating differences between this approach and 
the model-averaging approach is beyond the scope of this study, the 

Table 2 
Chemicals with hazardous concentration for 5% of species (HC5) ratios of alternative species sensitivity distributions (SSDs) to log-normal SSDs outside the range 
0.1–10.  

A). Acute SSDs 

HC5 ratio Distribution Chemical name AICc difference Number of species per SSD MoA  

0.097 Burr type III Ametryn  − 8.81  37 Unclassified  
0.095 Weibull 2,4-Dichlorophenol  10.28  30 Narcotic  
0.092 Burr type III Zineb  3.05  21 Unclassified  
0.091 Weibull 2-Butenoic acid, 3-[(dimethoxyphosphinyl)oxy]-, methyl ester  4.23  24 Specifically acting  
0.066 Weibull Glyphosate  27.37  37 Unclassified  
0.049 Weibull Phorate  8.9  27 Specifically acting  
0.047 Weibull Potassium permanganate  19.74  35 Unclassified  
0.045 Weibull Bis(tributyltin)oxide  17.41  50 Unclassified  
0.035 Burr type III Chlorsulfuron  0.87  19 Unclassified  
0.026 Weibull Terbufos  6.44  15 Specifically acting  
0.018 Weibull Trichlorfon  21.56  79 Specifically acting  
0.012 Weibull Calcium hypochlorite  13.84  25 Unclassified  

B). Chronic SSDs 

HC5 ratio Distribution Chemical name AICc difference Number of species per SSD MoA  

0.079 Weibull Linuron  7.99  19 Narcotic  
0.073 Weibull Chlorpyrifos  11.9  51 Specifically acting  
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results clearly suggested the inclusion of a log-normal distribution as the 
candidate distribution for model averaging. 

Whereas the optimal methods for estimating SSDs remain an open 
question even with the computational advances, the use of the log- 
normal distribution (i.e., the normal distribution for log10- 
transformed data) offers several inherent advantages, including the 
ease of calculation and mathematical properties that have been thor
oughly investigated in terms of SSDs (see previous studies (Aldenberg 
and Jaworska, 2000; Kamo et al., 2022) for more details). Given the fact 
that there has been a call for the harmonization of the derivation of 
environmental quality benchmarks (Batley and Warne, 2017), our 
findings provide a valuable basis for a discussion about what statistical 
distributions should be fitted. 

4. Conclusion 

To address the fundamental question of which statistical distribution 
should be applied for SSD estimation, acute and chronic SSDs for 191 
and 31 chemicals, respectively, were estimated by fitting the four sta
tistical distributions to aquatic toxicity data. SSDs based on the different 
statistical distributions were then compared, focusing mainly on AICc 
and HC5 values. The comparison of models based on AICc differences 
revealed that log-normal SSDs exhibited better or equally good perfor
mance compared to other models in 95% of acute and 99% of chronic 
SSD estimation cases. In addition, in cases where the AICc values of the 
log-normal SSDs were substantially higher than those of other models 
(indicating less support for log-normal SSDs by AICc), the HC5 ratios 
between the log-normal and other models consistently remained below a 
factor of 10. Consequently, these results indicate that the log-normal 
distribution can be regarded as a reasonable first candidate for esti
mating SSDs. 
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