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SUMMARY: 23 
Quantitative structure-activity relationship (QSAR) modeling is a representative bioinformatics-24 
assisted method in toxicological screening. This protocol demonstrates how to computationally 25 
assess the risks of endocrine disruptors (EDs) in aquatic environments. Utilizing the OECD QSAR 26 
Toolbox, the protocol implements an in silico assay for analyzing toxicity of EDs in fish. 27 
 28 
ABSTRACT: 29 
Computational analyses of toxicological processes enables high-throughput screening of 30 
chemical substances and prediction of their endpoints in biological systems. In particular, 31 
quantitative structure-activity relationship (QSAR) models have been increasingly applied to 32 
assess the environmental effects of a plethora of toxic materials. In recent years, some more 33 
highlighted types of toxicants are endocrine disruptors (EDs, which are chemicals that can 34 
interfere with any hormone-related metabolism). Because EDs may significantly affect animal 35 
development and reproduction, rapidly predicting the adverse effects of EDs using in silico 36 
techniques is required. This study presents an in silico method to generate prediction data on 37 
the effects of representative EDs in aquatic vertebrates, particularly fish species. The protocol 38 
describes an example utilizing the automated workflow of the QSAR Toolbox software 39 
developed by the Organization for Economic Co-operation and Development (OECD) to enable 40 
acute ecotoxicity predictions of EDs. As a result, the following are determined: (1) calculation of 41 
the numerical correlations between the concentration for 50% of lethality (LC50) and octanol-42 
water partition coefficient (Kow), (2) output performances in which the LC50 values determined 43 

Manuscript Click here to
access/download;Manuscript;60054_R1_0511419.docx

https://www.editorialmanager.com/jove/download.aspx?id=1046213&guid=1c7e8c50-d33c-4cb8-b611-da8e0f012d10&scheme=1
https://www.editorialmanager.com/jove/download.aspx?id=1046213&guid=1c7e8c50-d33c-4cb8-b611-da8e0f012d10&scheme=1


   

in experiments are compared to those generated by computations, and (3) the dependence of 44 
estrogen receptor binding affinity on the relationship between Kow and LC50.  45 
 46 
INTRODUCTION: 47 
 48 
New developments in informatics and computational technology have empowered the 49 
biological sciences with quantitative methodologies that offer high precision and reliability1. In 50 
particular, algorithms used in molecular taxonomy and property classification have resulted in 51 
quantitative structure-activity relationship (QSAR) models2. These models automatically 52 
correlate the chemical structures and biological activities of a given chemical database and 53 
implement rapid in silico screening of a wide range of chemical substrates according to their 54 
medicinal or toxicological actions3. QSAR tools can produce predictive toxicity profiles as a 55 
function of feature vectors of molecular descriptors (i.e., physicochemical parameters) of 56 
chemicals of interest to numerically create categorical endpoints4. Usually, each quantitative 57 
endpoint is displayed as a 2D scatterplot vs. changes in descriptor values. A QSAR model is then 58 
generated using (multiple) linear regression analyses. Once a dataset has been fully exploited to 59 
construct a QSAR model (called the training set), then the model is statistically validated by 60 
predicting the endpoints of a group of chemicals not included in the training set (called the test 61 
set). The model can then be used to predict the biological activities of untested compounds3.  62 
 63 
Among many harmful chemicals, endocrine disruptors (EDs) have been highlighted as a group 64 
of toxicants that may interfere in numerous hormone-related metabolisms in mammals, 65 
amphibians, and fish5,6. EDs are known to induce a variety of adverse effects, such as cancers 66 
and malformations, by blocking or altering normal hormonal pathways or activating abnormal 67 
hormone synthesis/degradation signals. As a consequence, these hormone-mimicking 68 
chemicals can perturb endocrine systems such that biological development and reproduction of 69 
wildlife animal populations are hampered. In particular, the ecotoxicological effects of EDs have 70 
been extensively investigated in aquatic vertebrates, which have nearly identical hormone 71 
receptor structures to those of mammals, including humans. Because all hormonal actions 72 
occur at low doses in vivo, predicting the potential toxicities of ED candidates using rapid in 73 
silico screening is critical to public and environmental health. 74 
 75 
QSAR models based on the toxicology of EDs have been conducted utilizing both 2D and 3D 76 
descriptors (known as 2D and 3D QSAR, respectively), which reveal the ED ligand binding 77 
affinities of estrogen, androgen, and progesterone receptors7. Despite the high-precision 78 
advantages of 3D QSAR, in which conformational and electrostatic interactions are considered, 79 
2D QSAR retains its own robustness in direct mathematical algorithms, rapid calculations, and 80 
extremely low computational loads. In addition, 2D-QSAR models are flexible for use in a wide 81 
range of applications while achieving relatively accurate prediction performance. 82 
  83 
The OECD QSAR Toolbox is currently one of the most utilized computer software tools, 84 
providing freely available and pre-built QSAR models8,9. Its profiler uses 2D descriptor 85 
databases. Since the release of the first version in 2008, the software has been applied in the 86 
fields of chemical and biological industries, public health, and environmental safety for full or 87 



   

partial analysis of the potential risks of natural and synthetic compounds, with special interests 88 
in carcinogenesis10-12, mutagenicity13-15, and developmental toxicity16. The application to 89 
aquatic toxicology has also been demonstrated, with focus on bioaccumulation and 90 
biotransformation17.  91 
 92 
The QSAR Toolbox has been proven useful in predicting the short-term toxicity of a broad range 93 
of chemicals17, as well as the estrogen receptor (ER) binding affinities of EDs18. However, the 94 
acute ecotoxicities of EDs in aquatic vertebrates has not been analyzed using the QSAR Toolbox. 95 
In this study, a typical and facile protocol is presented to perform QSAR modeling on the acute 96 
adverse effects of EDs with a focus in fish species. The study shows that the QSAR Toolbox is a 97 
highly accessible software for calculating and predicting the lethality/mortality of aquatic 98 
vertebrates for some representative EDs. Statistical treatment methods for the derived in silico 99 
datasets are presented. Figure 1 shows the overall scheme for the general operation of the 100 
QSAR Toolbox. The workflow shown in Figure 2 provides straightforward instructions on how to 101 
operate the in silico assay to predict acute ecotoxicity of target substances such as endocrine 102 
disrupting chemicals. 103 
 104 
PROTOCOL: 105 
 106 
1. Equipment 107 
 108 
1.1. Software: use OECD QSAR Toolbox 4.0 or newer (free download from 109 
<https://qsartoolbox.org/download/?) and data analysis software. 110 
 111 
1.2. Computer: for the OECD QSAR Toolbox, use: (i) system type: 64 bit, Windows 7 or newer; 112 
(ii) processor: I5 at 2.4 GHz, or a faster processor or equivalent AMD CPU; (iii) installed memory 113 
(RAM): 6 GB; (iv) hard disk drive (HDD): 20 GB of free hard drive space (OECD QSAR Toolbox 4.3 114 
Release Notes: <https://qsartoolbox.org/file/2019/02/Toolbox-4.3-Release-Notes-1.pdf>). 115 
 116 
2. Procedure 117 
 118 
2.1. OECD QSAR Toolbox  119 
 120 
NOTE: The QSAR Toolbox operates in six consecutive flow modules starting from Input and 121 
followed by Profiling, Data, Category Definition, Data Gap Filling, then Report, located at the 122 
top of the program interface. 123 
 124 
2.1.1. Explore the aforementioned six stages through six toolbar icons by left-clicking. First, look 125 
over the stages of Input, Data Gap Filling, and Report that are necessary to perform the 126 
automated workflow “Ecotoxicological endpoint” and to document its results.  127 
 128 
2.1.2. Take a short look over optional stages Profiling and Data. The Profiling stage provides an 129 
initial insight into the target substance’s (eco)toxicity potential and environmental fate 130 



   

characteristics. Optional Data stage enables searching for available experimental data related 131 
to the target substance. 132 
 133 
2.2. Input 134 
 135 
2.2.1. Upon starting the QSAR Toolbox, the user begins at the Input toolbox stage by default. 136 
The QSAR Toolbox creates a working file named “Document 1” automatically, which is 137 
displayed in the stage option panel on the left of the program interface. Rename the file, if 138 
desired, by right-clicking the working file.  139 
 140 
2.2.2. Click on the CAS# button in the actions toolbar, enter the chemical abstract service (CAS) 141 
number of the target substance in the available text field, and click Search. The tool will then 142 
searche for the target substance by CAS number.  143 
 144 
2.2.3. If required, choose other search options that are available in the action toolbar such as 145 
searching by substance name or simplified molecular-input line-entry system (SMILES) code. 146 
SMILES can be entered as 2D non-stereochemical or 3D stereochemical containing forms. Click 147 
Name or Structure, respectively. Use the Structure tool to draw the target substance. 148 
 149 
2.2.4. The search tool displays the search results through database records in a pop-up window. 150 
Choose the record reporting a “high” CAS-SMILES relation (CS Relation field) if multiple records 151 
are retrieved for the target substance by checking the box on the left of the record. Click OK. 152 
 153 
NOTE: Proceeding from this point is possible only if the retrieved record contains a SMILES 154 
code, as the SMILES code (2D non-stereochemical containing form) is the basis for 155 
computation.  156 
 157 
2.2.5. Batch mode: to perform the in silico assay for multiple target substances, write a simple 158 
substance list in a text editor in which each CAS number is listed in a single row (Supplementary 159 
Figure S3). Save the text file with an appropriate name and extension .txt on the computer.  160 
 161 
2.2.6. Batch mode: click Data. Then, go to Databases in the stage option panel on the left of the 162 
program interface. Make sure databases that are listed under Ecotoxicological Information are 163 
checked. 164 
 165 
2.2.7. Batch mode: click Input. Select Query from the actions toolbar. Accept the settings set in 166 
step 2.2.6 by clicking Yes in the dialog window.  167 
 168 
2.2.8. Batch mode: choose the CAS tab. Upload the substance list saved as text file through 169 
Load list from your computer.   170 
 171 
2.2.9. Batch mode: there are two Add buttons available; click the Add button on the bottom of 172 
the pop-up menu and then click Execute. The QSAR Toolbox will display a message on the 173 
number of substances that have been retrieved for the search.  174 



   

 175 
NOTE: Some substances of the loaded list may not be found by the search tool or that several 176 
entries may be available for one CAS number. It is not possible to delete substances from the 177 
retrieved set of substances.  178 
 179 
2.3. Profiling  180 
 181 
NOTE: The following section is optional. If this is not required, skip to section 2.5. 182 
 183 
2.3.1. Click on the toolbox stage button Profiling. Go to Profiling methods in the stage option 184 
panel on the left of the program interface.  185 
 186 
2.3.2. Click Unselect All. Check all profilers listed under Predefined and those related to aquatic 187 
toxicity listed under Endpoint specific such as “Acute aquatic toxicity classification by Verhaar 188 
(Modified).”  189 
 190 
2.3.3. Finish the selection. Then click on the Apply button in the Actions toolbar. 191 
 192 
NOTE: The QSAR Toolbox provides recommendations on a set of profilers. These are highlighted 193 
in green (suitable) and orange (plausible) when left-clicking the data matrix field next to the 194 
endpoint of interest. Available endpoints are listed in the endpoint tree next to the stage option 195 
panel. The profiler Substance type will indicate whether the target substance is a “discrete 196 
chemical.” The information is displayed in the expanded endpoint tree “Profile”, “Predefined”, 197 
and “Substance type”. Only if the target substance is a discrete chemical can the automated 198 
workflow run successfully. “Acute aquatic toxicity classification by Verhaar (modified)” provides 199 
a first estimate of the acute aquatic toxicity mechanism of the target substance19,20. The 200 
information is displayed in the expanded endpoint tree “Profile”, “Endpoint Specific”, and 201 
“Acute aquatic toxicity classification by Verhaar (modified)”. Five classes are available: (class 1) 202 
inert chemicals (baseline toxicity); (class 2) less inert chemicals; (class 3) reactive chemicals; 203 
(class 4) specifically acting chemicals; and (class 5) for chemicals not possible to classify. 204 
 205 
2.3.4. Click Parameter in the endpoint tree to run integrated 2D and 3D QSAR models available 206 
in the QSAR Toolbox, if desired. Click Calculate/extract all parameters for all chemicals in the 207 
pop-up menu. 208 
 209 
2.3.5. 2D and 3D QSAR models compiled in Parameter provide numeric values. Use “Profiling 210 
methods” for qualitative information (see step 2.3.1).  211 
 212 
2.4. Data  213 
 214 
NOTE: This section is optional. If it is not required, skip to section 2.5. 215 
 216 
2.4.1. Click on the toolbox stage button Data. Then, click Gather from the Actions toolbar.  217 
 218 



   

2.4.2. Select All endpoints to gather all experimental data, then Choose to gather endpoint 219 
specific experimental data. As an example, if aquatic toxicity is the user’s focus, click Choose > 220 
Ecotoxicological Information > Aquatic toxicity > OK.  221 
 222 
NOTE: Choosing to gather experimental data for all endpoints may lead to extended processing 223 
time. The user can adapt the hierarchy of the endpoint tree to the specific purpose. This 224 
changes the manner in which data are displayed.  225 
 226 
2.4.3. If desired, right-click the endpoint of interest in the endpoint tree area. Choose Set tree 227 
hierarchy in the pop-up menu. Organize the endpoint tree in the preferred manner using the 228 
available terms and arrows and click OK.  229 
 230 
2.4.4. If desired, export the gathered data as an Excel file. Right-click on the endpoint of 231 
interest and choose Export Data matrix in the pop-up menu. 232 
 233 
2.4.5. A “Matrix export” wizard opens and enables adding other endpoints to the export list. 234 
Finish the selection, click Export, and save the file on the computer.  235 
 236 
NOTE: Exporting data from all databases is not possible. For example, data retrieved from the 237 
database “ECHA CHEM” cannot be saved. 238 
 239 
2.5. Data gap filling 240 
 241 
2.5.1. Click on the toolbox stage button Data gap filling. Then, click Automated in the Actions 242 
toolbar.  243 
 244 
2.5.2. Select Ecotoxicological Endpoint > Fish, LC50 (lethal concentration, 50%) at 96 h for 245 
Pimephales promelas (mortality).  Click OK. A “Workflow Controller” will appear, and processing 246 
will take up to several minutes, especially in batch mode. 247 
 248 
NOTE: The QSAR Toolbox automatically applies a defined set of profilers when searching for 249 
suitable substances with available experimental data for the prediction. The experimental data 250 
[e.g., effect concentrations 96 h LC50 (P. promelas) or 96 h EC50 (P. promelas, mortality)] are 251 
used to generate the prediction for the target substance by either linear approximation or 252 
nearest neighbor method. Note that the methods of linear approximation and nearest neighbor 253 
are referred to as trend analysis (labeled as “T”) and read-across (labeled as “R”), respectively. 254 
 255 
2.5.3. The user will receive a message if the prediction is performed successfully. Click OK and 256 
close the workflow controller indicating “Finished workflow” by clicking x in the upper right 257 
corner. 258 
 259 
2.5.4. Batch mode: upon starting the automated workflow, the user will be asked to specify the 260 
range of substances over which to execute the workflow. Accept the full range of substances 261 
selected by default in the dialog window by clicking OK.   262 



   

 263 
2.5.5. Batch mode: the user will not receive a message indicating whether a prediction was run 264 
successfully or unsuccessfully. Close the workflow controller indicating “Finished workflow” at 265 
the end of the batch processing by clicking x in the upper right corner. 266 
 267 
2.6. Report 268 
 269 
2.6.1. If a prediction was successfully executed, click on the toolbox stage button Report. 270 
 271 
NOTE: No reports can be generated in batch mode. 272 
 273 
2.6.2. Scroll down and find the prediction value in matrix field located in a yellow highlighted 274 
row next to endpoint “96-h.” The predicted value is labelled with “T” or “R.” Activate this 275 
specific data matrix field by left-clicking it.  276 
 277 
2.6.3. Click Prediction in the Actions toolbar. Customize the report content and appearance in 278 
the pop-up wizard. Three types of reports are available: (i) prediction, (ii) category, and (iii) data 279 
matrix. 280 
 281 
2.6.4. The wizard allows the user to fill in the author’s name and contact details. Write a short 282 
summary, provide a detailed explanation of the mechanistic interpretation, or provide 283 
justification for the adequacy of the prediction.  284 
 285 
2.6.5. Include additional information related to the executed prediction, if desired. The extent 286 
of additional information depends on the user.  287 
 288 
2.6.6. Go through the wizard by clicking Next. Finally, click Create report and save the 289 
prediction and category reports as PDF files and the data matrix as an Excel spreadsheet on the 290 
computer.  291 
 292 
2.6.7. Find additional details on the functionalities of the QSAR Toolbox and automated 293 
workflows in the application manual for the OECD QSAR Toolbox v.4 (F1 help on the keyboard). 294 
Details on the algorithms and rationale behind the automated workflow are described by 295 
Dimitrov et al.8 and Yordanova et al. 9. 296 
 297 
3. Application 298 
 299 
3.1. If using the predicted effect concentration (i.e., 96-h LC50 of P. promelas) in the 300 
environmental risk assessment, use the lower limit of the 95% confidence interval. Find the 301 
data on the first page of the saved prediction report (PDF) in “Prediction summary”, “Predicted 302 
value: <mean> (from <lower_limit> to <upper_limit>).” 303 
 304 
NOTE: The notes given here are based on results of the comparison between predicted and 305 
experimental data for a set of target substances reported in this study. Selecting the lower end 306 



   

of the 95% confidence range will increase the likelihood that the predicted effect concentration 307 
will not underestimate the real toxicity of the substance (see the representative results). The 308 
predicted effective concentration of the lower limit of the 95% confidence interval will 309 
therefore present a safer basis for risk assessment. 310 
 311 
REPRESENTATIVE RESULTS: 312 
 313 
The example described in this study was implemented for quantitative analysis and prediction 314 
of acute toxicities of selected EDs in fish. When the predicted data points were plotted versus 315 
experimental data points as a log-log scale, a positive correlation between both was found for 316 
all fish and a representative species, namely, Pimephales promelas (fathead minnow; Figure 3). 317 
In both cases, the slope of the linear regression appeared to be comparable (predicted 318 
LC50/experimental LC50 = 0.611 and 0.602 for all fish and P. promelas, respectively). Because of 319 
the limited amount of experimental data, the number of available values from experimental 320 
observation was usually smaller than that from computational prediction. Application of the 321 
tolerance factor as 5-fold for the computational capability21 resulted in 94% (34/36) and 96% 322 
(26/27) of the protective prediction for all fish and P. promelas, respectively. Based on this 323 
prediction, 3',5,7-trihydroxy-4',6-dimethoxyisoflavone and 1,4-benzenediol appeared to exhibit 324 
calculated LC50 values greater than the tolerance limit. 325 
 326 
To enable safety assessment at the highest reliability, further computational analysis was 327 
performed by plotting the predicted lower limit of the 95% confidence interval of LC50 (instead 328 
of the mean values used in Figure 3) versus the experimentally derived values (Figure 4). In this 329 
evaluation with an elevated safety threshold, 92% (33/36) of the total tested endocrine 330 
disrupting compounds were shown to fall into the protective range when compared to the 331 
experimentally derived values except for: 3',5,7-trihydroxy-4',6-dimethoxyisoflavone; 1,4-332 
benzenediol; and 4-hexylphenol.  333 
 334 
Based on assessments of the entire species available from the database, values for the 335 
predicted and experimental 96-h log10LC50 exhibited linearity with the log10KOW values in the 336 
domain between -1 and 7, indicating a hyperbolic correlation between LC50 and KOW. An overall 337 
trend existed whereby the LC50 decreased for higher KOW values of EDs for the data obtained 338 
from both computational predictions and experiments, suggesting increasing acute toxicity in 339 
fish species for EDs with higher hydrophobicity (Supplementary Figure S1). 340 
 341 
By the rule-based ER profiler embedded in the OECD QSAR Toolbox, the ER binding affinities of 342 
the EDs were categorized as non-binding as well as weak, moderate, strong, and very strong 343 
binders, in order of increasing binding affinity18. Accordingly, the statistical distribution of 344 
log10Kow could be displayed as a qualitative classification of ER binding affinity (Supplementary 345 
Figure S2). Overall, the changes in Kow distribution ranges and their mean levels appeared to 346 
not have a defined tendency. Similarly, the distributions of predicted and experimental LC50 347 
were shown as the extent of ER binding affinity (Figure 5). In this case, mean levels of predicted 348 
LC50 for ER binders were higher than those of non-binders. By contrast, for the experimental 349 
LC50, the mean levels of non- and weak binders were higher than those of stronger ER binders.  350 



   

 351 
FIGURE AND TABLE LEGENDS: 352 
 353 
Figure 1: Basic scheme of the general workflow of the OECD QSAR Toolbox. 354 
 355 
Figure 2: Workflow. Shown is the workflow conceptualizing the modules and sequences 356 
applied to predict the acute toxicities of endocrine disruptors (EDs) in fish using the OECD QSAR 357 
Toolbox. 358 
 359 
Figure 3: Predicted vs. experimental 96-h LC50 of EDs in Table 1 for all fish (blue diamonds, n = 360 
36) and a selected species P. promelas (cyan diamonds, n = 27). For the predicted LC50, the 361 
average (“AVE”) values are displayed. The dashed lines represent linear regressions for the two 362 
groups: for all fish (light blue), predicted LC50

AVE = 0.611 x (experimental LC50) + 0.277 (adjusted 363 
r2 = 0.408); and for P. promelas (light cyan), predicted LC50

AVE = 0.602 x (experimental LC50) + 364 
0.385 (adjusted r2 = 0.441). The solid diagonal line shows unity in which the predicted and 365 
experimental values are equal21. The dotted gray line shows the 5-fold tolerance limit of the 366 
computational capability19. Outliers: 3',5,7-trihydroxy-4',6-dimethoxyisoflavone (*) and 1,4-367 
benzenediol (**). 368 
 369 
Figure 4: Predicted (lower limit of 95% confidence interval, “low-95%”) vs. experimental 96-h 370 
LC50 of EDs in Table 1 for all fish (n = 36). The dashed line represents the linear regression: 371 
predicted LC50

AVE = 0.470 x (experimental LC50) - 0.312, where adjusted r2 = 0.193. The solid 372 
diagonal line indicates unity where the predicted and experimental values are equal to each 373 
other19. Outliers: 3',5,7-trihydroxy-4',6-dimethoxyisoflavone (*), 1,4-benzenediol (**), and 4-374 
hexylphenol (***). 375 
 376 
Figure 5: Distributions of predicted (solid boxes, n = 8–20 for each category) and experimental 377 
(dashed boxes; n = 3–16 for each category) 96-h LC50 depending on ER binding affinity of EDs 378 
in Table 1 for all fish. A box plot represents: (A) mean (small square with a horizontal bar), (B) 379 
1st and 3rd quartiles (lower and upper ends of the box, respectively), (C) median (horizontal 380 
segment inside the box), (D) 5th and 95th percentile (lower and upper error bars, respectively), 381 
(E) 1st and 99th percentile (lower and upper x, respectively), and (F) minimum and maximum 382 
(lower and upper “-“, respectively). 383 
 384 
Table 1: List of evaluated endocrine disrupting chemicals. Average mean (AVE) and lower 95% 385 
confidence interval (CI) effective concentrations (95-h LC50, Pimephales promelas) as well as 386 
Estrogen Receptor Binding were predicted with the QSAR Toolbox version 4.3 Automated 387 
Workflow. Log10Kow was retrieved via QSAR Toolbox version 4.3 from KOWWIN v1.68, 2000, 388 
U.S. Environmental Protection Agency. Experimental log10Kow values were preferred over 389 
predicted values. The target substance list was compiled from previously reported lists of EDs22-390 
24. 391 
 392 
DISCUSSION: 393 
 394 



   

The versatility of the OECD QSAR Toolbox as analytic software for ecotoxicology is shown here 395 
with specific interest in the adverse effects of endocrine disrupting chemicals on aquatic 396 
vertebrates. In addition, a simple and standard protocol was demonstrated for predicting acute 397 
toxicity (96-h LC50) of 74 representative EDs (Table 1) for fish species. This was achieved by 398 
applying category building, data gap filling, and ER profiling modules embedded in the QSAR 399 
Toolbox (Figure 1, Figure 2). 400 
 401 
The linear correlation between log10LC50 and log10KOW with a negative slope (as shown in 402 
Supplementary Figure S1) has long been known as a standard quantitative relationship in QSAR 403 
analyses25, where higher toxicity is shown the more hydrophobic a given chemical is. As can be 404 
seen from a simple calculation, the general mathematical relation that includes Equation 1 and 405 
Equation 2 is a converted expression from the following power function26: 406 
 407 

𝑙𝑜𝑔(𝐿𝐶50) = 𝑎´ − 𝑏 ∙ 𝑙𝑜𝑔(𝐾𝑜𝑤)  (1) 408 
 409 

𝐿𝐶50 = 𝑎 ∙ 𝐾𝑜𝑤
−𝑏, where 𝑎´ = 𝑙𝑜𝑔(𝑎)  (2) 410 

 411 
From the plot of (3), characterizing an intermediate range of KOW

26 may be possible by adjusting 412 
the parameters a and b, where a certain variation in hydrophobicity (or hydrophilicity) does not 413 
significantly change the endpoint of acute toxicity. 414 
 415 
Comparative analyses between the computational predictions and experimental observations 416 
on the LC50, as shown in Figure 3 and Figure 4, have been typically reported in studies of QSAR 417 
for various aquatic toxicants, including technical nonionic surfactants27, triazole fungicides28, 418 
and pesticide metabolites21. This type of retrospective validation provides information on how 419 
far a given QSAR tool can reach in terms of comparative performance to experimental results. 420 
In this study of acute toxicity in fish, the QSAR Toolbox was proven to provide protective 421 
predictions for over 90% of tested EDs in all fish and in a single species, Pimephales promelas.  422 
 423 
Further identifying the three outlier chemicals in Figure 3 and Figure 4, which showed higher 424 
predicted LC50 on average and at a minimum, respectively, is required. First, the 3',5,7-425 
trihydroxy-4',6-dimethoxyisoflavone is a type of flavonoid (more specifically, an isoflavone), 426 
which is considered to be generally safe and used in herbal pharmaceuticals; however, it still 427 
has estrogen-related concerns29 and may cause acute toxicity probably through oxidative 428 
phosphorylation uncoupling30. Next, the 1,4-benzenediol, called hydroquinone, is a phenolic 429 
compound that can trigger a non-specific and cytotoxic immune response in fish31. Finally, the 430 
4-hexylphenol has been known to exhibit sufficient positive estrogenic activity to be classified 431 
as an ED32. It has been well-studied that the main reason of the acute toxicity of hydroquinone 432 
is the reduction-oxidation (redox) cycling. The hydroquinone is oxidized to benzoquinone and 433 
reduced back to semi-quinone or hydroquinone repeatedly, with depleting cofactors and 434 
generating reactive oxygen species33. The other two chemicals may require deeper 435 
investigations to reveal their mechanisms of action in acute ecotoxicity using molecular docking 436 
approaches such as that used by Panche et al.34, which cannot be covered by the QSAR Toolbox.  437 
 438 



   

EDs interfere with the endocrine system mainly through physicochemical interactions with 439 
steroid receptors such as estrogen and androgen receptors, which are of considerable interest 440 
in QSAR modeling studies35. Considering this, the QSAR Toolbox is robust in terms of facile and 441 
rapid classification of ER binding affinities for a set of chemicals based only on the 2D 442 
descriptors of molecular structures. When this ER profiler system was applied to our list of EDs, 443 
no clear correlation was found between ER binding affinity and hydrophobicity (Supplementary 444 
Figure S2). This result may be explained by the fact that the formation of a steroid-receptor 445 
complex is not a direct consequence of a hydrophobic bonding contribution but should be 446 
accompanied by a conformational change in the active-site receptor structure36. The receptor 447 
binding can be also due to hydrogen-bonding and π-stacking.  448 
 449 
Additionally, the position of each chemical group on the molecule may affect the receptor 450 
binding, even if the hydrophobicity and number of hydrogen-bond acceptors-donors remain the 451 
same. Second, the ER profiler produced contrary trends between predicted and experimental 452 
LC50 mean levels with increasing ER binding affinity (Figure 5). This may be because the lethality 453 
of parents in an acute toxicity test are not due to ER binding but rather to narcosis in most 454 
cases, or to redox cycling in the case of hydroquinone. For example, more extensive analysis, 455 
including the chronic toxicity, is required for a larger set of EDs to define predictive limitations 456 
of the current version of the QSAR Toolbox. 457 
 458 
This preliminary research may also have public health implications because steroids 459 
(androgens, estrogens, progestines, and corticoids) and their receptors exhibit similar or even 460 
identical macromolecular structures across vertebrates5. These types of analogous endocrine 461 
signaling systems may operate using a common mechanism in key events of EDs5. Nevertheless, 462 
additional and complementary methodologies are required to illuminate this vast and complex 463 
aspect [for example, by performing computational modeling of absorption, distribution, 464 
metabolism, and excretion (ADME), and/or adverse outcome pathway (AOP)]38. Furthermore, 465 
because most of the scientific and public concerns raised about the adverse effects of EDs are 466 
related to their chronic toxicities, improving the databases and algorithms in the QSAR Toolbox 467 
and producing reliable long-term ecotoxicology predictions for EDs are both necessary. 468 
 469 
This paper demonstrates the application of QSAR Toolbox to compare ecotoxicological LC50 470 
values for fish with log10Kow values of EDs. Throughout the protocol, it results in weak 471 
relationships between the two parameters, as it has been revealed by previous studies (e.g., 472 
Kim et al.39) that log10Kow is not a good direct predictor of aquatic LC50. In spite of this limitation, 473 
this protocol provides a general review or “vignette” to describe how to use the dashboard for 474 
a given purpose, since it is a valid application to use the QSAR Toolbox for investigating 475 
correlations between LC50 (or ER binding affinity) and log10Kow. Nevertheless, it should be noted 476 
that (1) illuminating the link between estrogen receptor binding and chronic toxicity, rather 477 
than acute toxicity (lethality), is more relevant so that clearer correlations may be found, and 478 
(2) the androgen receptor, together with that of estrogen, also plays a critical role in 479 
reproductive toxicity. Therefore, it is required for the future version of the QSAR Toolbox to 480 
improve the prediction functions in light of those two points. 481 
 482 
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No. CAS Registry Number Substance Name

1 50-28-2 17-β Estradiol 

2 57-63-6 17-α Ethinyl- estradiol 

3 80-05-7 2,2-bis(4-hydroxyphe-nyl)propane (Bisphenol A)

4 80-46-6 4-tert-Pentylphenol 

5 140-66-9 4-tert-Octylphenol 

6 446-72-0 Genistein [3',5,7-trihydroxy-4',6-dimethoxyisoflavone]

7 10161-33-8 17β-Trenbolone 

8 67747-09-5 Prochloraz (DMI fungicide)

9 84852-15-3 4-Nonylphenol 

10 69-72-7 salicylic acid

11 80-09-1 4,4’-dihydroxydiphenyl sulphone (Bisfenol S)

12 84-74-2 phthalic acid, dibutyl ester

13 92-88-6 4,4′-dihydroxybiphenyl

14 94-13-3 4-hydroxybenzoic acid, propyl ester

15 98-54-4 4-tert-butylphenol

16 97-23-4 2,2′-dihydroxy-–5,5′-dichlorodiphenyl-methane

17 97-53-0 eugenol

18 99-76-3 4-hydroxybenzoic acid, methyl ester

19 103-90-2 N-(4-hydroxyphenyl) acetamide

20 106-44-5 p-cresol

21 108-39-4 m-cresol

22 108-45-2 1,3-phenylenediamine

23 108-46-3 1,3-dihydroxybenzene

24 108-91-8 cyclohexylamine

25 119-36-8 salicylic acid, methyl ester

26 120-47-8 4-hydroxybenzoic acid, ethyl ester

27 120-80-9 1,2-dihydroxybenzene

28 123-31-9 1,4-dihydroxybenzene [1,4-benzenediol]

29 131-53-3 2,2′-dihydroxy-4-methoxybenzophenone

30 131-56-6 2,4-dihydroxybenzophenone

31 131-57-7 2-hydroxy-4-methoxybenzophenone

32 599-64-4 4-cumylphenol

33 2855-13-2 1-amino-3-aminomethyl-3,5,5-trimethyl-cyclohexane

34 6864-37-5 3,3′-dimethyl-4,4′-diaminodicyclohexylmethane

35 25013-16-5 tert-butyl-4-hydroxyanisole

36 147315-50-2 2-(4,6-diphenyl-1,3,5-triazin-2-yl)-5-(hexyloxy)phenol

37 88-68-6 2-aminobenzamide

38 611-99-4 4,4′-dihydroxybenzophenone

39 27955-94-8 1,1,1-tris(4-hydroxyphenol)ethane

40 87-18-3 salicylic acid, 4-tert-butylphenyl ester

41 47465-97-4 3,3-bis(3-methyl-4-hydroxyphenyl)2-indolinone

42 99-96-7 p-hydroxybenzoic acid

43 80-07-9 1-Chloro-4-(4- chlorophenyl)sulfonylbenz

44 84-65-1 9,10-Anthraquinone

45 85-44-9 2-benzofuran-1,3-dione
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46 92-84-2 10H-Phenothiazine

47 2855-13-2 1-amino-3-aminomethyl-3,5,5-trimethyl-cyclohexane

48 50-27-1 Estriol

49 50-50-0 beta-Estradiol-3-benzoate

50 53-16-7 Estrone

51 92-52-4 Biphenyl

52 92-69-3 p-Phenylphenol

53 96-29-7 2-Butanone oxime

54 121-75-5 Malathon

55 123-07-9 4-Ethylphenol

56 645-56-7 4-n-Propylpehnol

57 1638-22-8 p-Butyl phenol

58 1912-24-9 Atrazine

59 40596-69-8 Methoprene

60 1987-50-4 4-Heptylphenol

61 92-86-4 p,p'-Dibromobiphenyl

62 480-41-1 Naringenin

63 486-66-8 Daidzein

64 491-70-3 Luteolin

65 491-80-5 Biochanin A

66 520-18-3 Kaempferol

67 2051-60-7 2-Chlorobiphenyl (PCB 1)

68 2051-61-8 3-Chlorobiphenyl (PCB 2)

69 2051-62-9 4-Chloro-1,1'-biphenyl

70 2446-69-7 p-n-Hexylphenol [4-hexylphenol]

71 14938-35-3 4-n-Amylphenol

72 17924-92-4 Zearalenone

73 1743-60-8 beta-Estradiol 3-benzoate 17-nbutyrate

74 479-13-0 Coumestrol



SMILES Formula (2D non-stereochemical form)

CC12CCC3C(CCc4cc(O)ccc34)C1CCC2O

CC12CCC3C(CCc4cc(O)ccc34)C1CCC2(O)C#C

CC(C)(c1ccc(O)cc1)c1ccc(O)cc1

CCC(C)(C)c1ccc(O)cc1

CC(C)(C)CC(C)(C)c1ccc(O)cc1

Oc1ccc(cc1)C1=COc2cc(O)cc(O)c2C1=O

CC12C=CC3C(CCC4=CC(=O)CCC=34)C1CCC2O

CCCN(CCOc1c(Cl)cc(Cl)cc1Cl)C(=O)n1ccnc1

CC(C)CCCCCCc1ccc(O)cc1

OC(=O)c1ccccc1O

Oc1ccc(cc1)S(=O)(=O)c1ccc(O)cc1

CCCCOC(=O)c1ccccc1C(=O)OCCCC

Oc1ccc(cc1)-c1ccc(O)cc1

CCCOC(=O)c1ccc(O)cc1

CC(C)(C)c1ccc(O)cc1

Oc1ccc(Cl)cc1Cc1cc(Cl)ccc1O

COc1cc(CC=C)ccc1O

COC(=O)c1ccc(O)cc1

CC(=O)Nc1ccc(O)cc1

Cc1ccc(O)cc1

Cc1cccc(O)c1

Nc1cccc(N)c1

Oc1cccc(O)c1

NC1CCCCC1

COC(=O)c1ccccc1O

CCOC(=O)c1ccc(O)cc1

Oc1ccccc1O

Oc1ccc(O)cc1

COc1ccc(C(=O)c2ccccc2O)c(O)c1

Oc1ccc(c(O)c1)C(=O)c1ccccc1

COc1ccc(C(=O)c2ccccc2)c(O)c1

CC(C)(c1ccccc1)c1ccc(O)cc1

CC1(C)CC(N)CC(C)(CN)C1

CC1CC(CCC1N)CC1CCC(N)C(C)C1

COc1ccc(O)c(c1)C(C)(C)C

CCCCCCOc1ccc(c(O)c1)-c1nc(nc(n1)-c1ccccc1)-c1ccccc1

NC(=O)c1ccccc1N

Oc1ccc(cc1)C(=O)c1ccc(O)cc1

CC(c1ccc(O)cc1)(c1ccc(O)cc1)c1ccc(O)cc1

CC(C)(C)c1ccc(OC(=O)c2ccccc2O)cc1

Cc1cc(ccc1O)C1(C(=O)Nc2ccccc12)c1ccc(O)c(C)c1

OC(=O)c1ccc(O)cc1

Clc1ccc(cc1)S(=O)(=O)c1ccc(Cl)cc1

O=C1c2ccccc2C(=O)c2ccccc12

O=C1OC(=O)c2ccccc12



N1c2ccccc2Sc2ccccc12

CC1(C)CC(N)CC(C)(CN)C1

CC12CCC3C(CCc4cc(O)ccc34)C1CC(O)C2O

CC12CCC3C(CCc4cc(OC(=O)c5ccccc5)ccc34)C1CCC2O

CC12CCC3C(CCc4cc(O)ccc34)C1CCC2=O

c1ccc(cc1)-c1ccccc1

Oc1ccc(cc1)-c1ccccc1

CCC(C)=NO

CCOC(=O)CC(SP(=S)(OC)OC)C(=O)OCC

CCc1ccc(O)cc1

CCCc1ccc(O)cc1

CCCCc1ccc(O)cc1

CCNc1nc(Cl)nc(NC(C)C)n1

COC(C)(C)CCCC(C)CC=CC(C)=CC(=O)OC(C)C

CCCCCCCc1ccc(O)cc1

Brc1ccc(cc1)-c1ccc(Br)cc1

Oc1ccc(cc1)C1CC(=O)c2c(O)cc(O)cc2O1

Oc1ccc(cc1)C1=COc2cc(O)ccc2C1=O

Oc1cc(O)c2C(=O)C=C(Oc2c1)c1ccc(O)c(O)c1

COc1ccc(cc1)C1=COc2cc(O)cc(O)c2C1=O

Oc1ccc(cc1)C1Oc2cc(O)cc(O)c2C(=O)C=1O

Clc1ccccc1-c1ccccc1

Clc1cccc(c1)-c1ccccc1

Clc1ccc(cc1)-c1ccccc1

CCCCCCc1ccc(O)cc1

CCCCCc1ccc(O)cc1

CC1CCCC(=O)CCCC=Cc2cc(O)cc(O)c2C(=O)O1

CC(=O)OC1CCC2C3CCc4cc(O)ccc4C3CCC12C

Oc1ccc2c(OC(=O)c3c-2oc2cc(O)ccc32)c1



Log Kow AVE

predicted 96-h LC50 

(mg/L) 

LOWER 95% CI

predicted 96-h LC50

(mg/L)

Profiler - Estrogen Receptor Binding

4.01 3.62 1.42 Very strong binder, OH group

3.67 3.00 1.18 Strong binder, OH group

3.32 4.68 1.80 Very strong binder, OH group

3.91 2.27 0.87 Weak binder, OH group

5.28 0.38 0.14 Strong binder, OH group

2.84 32.00 10.03 Very strong binder, OH group

2.65 124.72 19.75 Strong binder, OH group

4.1 5.19 1.74 Non binder, without OH or NH2 group

5.92 0.21 0.07 Strong binder, OH group

2.26 24.07 9.31 Weak binder, OH group

1.65 48.67 10.67 Very strong binder, OH group

4.5 0.76 0.06 Non binder, without OH or NH2 group

2.8 12.05 4.20 Moderate binder, OH grooup

3.04 10.32 3.86 Moderate binder, OH grooup

3.31 4.36 1.68 Weak binder, OH group

4.26 0.48 0.10 Very strong binder, OH group

2.27 14.70 5.60 Weak binder, OH group

1.96 38.20 14.01 Weak binder, OH group

0.46 338.97 43.39 Weak binder, OH group

1.94 20.47 7.14 Weak binder, OH group

1.96 23.45 9.17 Weak binder, OH group

-0.33 34.60 0.00 Weak binder, NH2 group

0.8 123.03 27.06 Weak binder, OH group

1.49 28.08 1.40 Weak binder, NH2 group

2.55 16.16 5.68 Weak binder, OH group

2.47 19.93 7.40 Weak binder, OH group

0.88 11.14 0.01 Weak binder, OH group

0.59 90.75 33.19 Weak binder, OH group

3.82 3.97 1.46 Very strong binder, OH group

2.96 12.04 4.73 Strong binder, OH group

3.79 5.96 2.27 Strong binder, OH group

4.12 2.15 0.84 Strong binder, OH group

1.9 30.65 1.53 Moderate binder, NH2 group

4.1 1.07 0.05 Strong binder, NH2 group

3.5 4.85 1.85 Moderate binder, OH grooup

6.24 0.17 0.06 Strong binder, OH group

0.35 694.00 84.30 Weak binder, NH2 group

2.19 37.74 14.67 Very strong binder, OH group

4.38 2.09 0.82 Very strong binder, OH group

5.73 0.24 0.09 Strong binder, OH group

4.48 2.07 0.77 Very strong binder, OH group

1.58 8.54 0.00 Weak binder, OH group

3.9 3.92 0.85 Non binder, without OH or NH2 group

3.39 7.00 3.54 Non binder, without OH or NH2 group

1.6 2.69 0.00 Non binder, without OH or NH2 group



4.15 1.07 0.08 Non binder, without OH or NH2 group

1.9 30.65 1.53 Moderate binder, NH2 group

2.45 21.21 8.29 Very strong binder, OH group

5.47 0.36 0.02 Strong binder, OH group

3.13 7.78 3.06 Strong binder, OH group

4.01 4.10 0.47 Non binder, without OH or NH2 group

3.2 5.99 1.82 Moderate binder, OH grooup

0.63 32.67 2.49 Non binder, non cyclic structure

2.36 37.73 3.33 Non binder, non cyclic structure

2.58 13.63 4.65 Weak binder, OH group

3.2 7.32 2.55 Weak binder, OH group

3.65 4.09 1.39 Weak binder, OH group

2.61 30.87 4.63 Non binder, without OH or NH2 group

5.5 0.08 0.00 Non binder, non cyclic structure

5.01 0.66 0.22 Moderate binder, OH grooup

5.72 0.11 0.02 Non binder, without OH or NH2 group

2.52 27.84 10.87 Very strong binder, OH group

2.55 36.47 11.71 Very strong binder, OH group

2.53 43.75 14.28 Very strong binder, OH group

3.41 15.87 3.70 Strong binder, OH group

1.96 70.98 8.05 Very strong binder, OH group

4.53 0.77 0.16 Non binder, without OH or NH2 group

4.58 0.77 0.16 Non binder, without OH or NH2 group

4.61 0.77 0.16 Non binder, without OH or NH2 group

4.52 1.22 0.42 Moderate binder, OH grooup

4.06 2.44 0.89 Weak binder, OH group

3.58 7.22 2.66 Strong binder, OH group

4.95 0.91 0.35 Strong binder, OH group

1.57 52.16 11.44 Very strong binder, OH group



Name of Material/ Equipment Company Catalog Number Comments/Description

Adobe Acrobat Reader DC
Adobe Systems Software 

Ireland Limited
NA

Required to view prediction and category 

report

Computer
System: Microsoft 

Corporation
NA

Recommended system properties: (i) 

system type: 64 bit, Microsoft Windows 7 

or newer, (ii) processor: I5 at 2.4 GHz or 

faster processor or equivalent AMD CPU, 

(iii) Installed memory (RAM): 6 GB of RAM, 

(iv) Hard Disk Drive (HDD): 20 GB free hard 

drive space 

Microsoft Editor Microsoft Corporation NA

Required to upload a substance list of CAS 

numbers (batch mode) to the OECD QSAR 

Toolbox as .txt file (text file)

Microsoft Excel 2016 Microsoft Corporation NA
Required to export data from OECD QSAR 

Toolbox as .cvs, .xls or .xlsx files 

OECD QSAR Toolbox version 4.0 or 

newer

Organisation for Economic

Co-operation and 

Development

NA

Required to run OECD QSAR Toolbox 

Automated Workflows; free download:

https://qsartoolbox.org/download/

OriginPro 9 OriginLab Corporation NA
Optional program for data analysis; similar 

tools possible
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Response to the Reviewers 

 

We thank the reviewers for their invaluable comments and suggestions and hope that our response will 

adequately address the perceived ambiguities in our manuscript. We believe our responses to the 

reviewers’ questions/comments have improved the manuscript significantly. All changes in the revised 

manuscript have been marked by using “track changes” in MS Word. 

 

Editorial comments: 

General: 

1. Please take this opportunity to thoroughly proofread the manuscript to ensure that there are no 

spelling or grammar issues. 

RESPONSE: The spelling and grammar have been checked once more. 

 

Protocol: 

1. ‘TIP’, ‘INFO’, etc. are not part of JoVE format. Please rewrite as numbered protocol steps (in the 

imperative) or ‘Notes’. 

RESPONSE: All the TIPs and INFOs have been corrected accordingly. 

2. Please add more details to your protocol steps. Please ensure you answer the “how” question, i.e., 

how is the step performed? Alternatively, add references to published material specifying how to 

perform the protocol action. If revisions cause a step to have more than 2-3 actions and 4 sentences per 

step, please split into separate steps or substeps. 

RESPONSE: We have revise the manuscript to describe the protocol more in detail. 

 

References: 

1. Please do not abbreviate journal titles. 

RESPONSE: The “QSAR Toolbox” is an official name of the software which we report in this paper. 

However, the “OECD” can be omitted in the title. We would keep the name, “QSAR Toolbox”, like many 

other papers where the same abbreviated software name has been used in the title.  

 

Table of Materials: 

1. Please ensure the Table of Materials has information on all materials and equipment used, especially 

those mentioned in the Protocol. 

Response to Reviewers Click here to access/download;Rebuttal Letter;Bohlen_
Response to the Reviewers.docx

https://www.editorialmanager.com/jove/download.aspx?id=1043902&guid=493c14f7-4526-47df-9ff8-0dc6d2ee423e&scheme=1
https://www.editorialmanager.com/jove/download.aspx?id=1043902&guid=493c14f7-4526-47df-9ff8-0dc6d2ee423e&scheme=1


RESPONSE: It has been checked again and described correspondingly. 

 

Reviewers' comments: 

 

Reviewer #1:  

Major Concerns: 

There is no novelty in showing a "reasonable" correlation between the toxicity of these compounds and 

log Kow. 

RESPONSE: The authors agree with this point. The graphs showing the relationships between log Kow 

and LC50 & ER binding have been moved to Supplementary Information and the Discussion part has 

been revised correspondingly (the last 3 paragraphs in Discussion). We would emphasize that the aim of 

our paper is to describe the protocol on how to use the QSAR Toolbox software to quantitatively analyze 

the toxic effects of endocrine disrupting chemicals, and the demonstrated process to produce the data 

relating to log Kow is valid. However, since the critique of the reviewer is correct, we stressed the 

limitation of this approach in the Discussion (the last paragraph). We would mention that the presented 

methodology here, for analyzing toxicity of EDs by using OECD QSAR Toolbox, has not yet been reported 

as a protocol paper as far as we know. 

The discussion of outliers (e.g. lines 366-376) does not take account of known mechanisms of action - go 

and look at the original publication of these data from the US EPA e.g. Russom, C.L., S.P. Bradbury, S.J. 

Broderius, D.E. Hammermeister and R.A. Drummond. 1997. Predicting modes of action from chemical 

structure: Acute toxicity in the fathead minnow (Pimephales promelas). Environmental Toxicology and 

Chemistry 16(5): 948-967 and the references therein. 

RESPONSE: The authors agree with this point and reinforced the discussion on the mechanism of action 

of the outliers (the 4th & 5th paragraphs in Discussion), citing the above paper. Thank you for suggesting 

a valuable reference. 

 

Reviewer #2:  

Manuscript Summary: 

Review of: "In Silico Modeling Method for Computational Aquatic Toxicology of Endocrine Disruptors: A 

software-based approach for using the OECD QSAR Toolbox" 

The authors report on the application of the QSAR toolbox to compare ecotoxicological LC50 values for 

fish (concentration for 50% of lethality) with logKow values. The conclusion of the paper, not 

surprisingly, is that there is little relationship between the two but the paper is intending to serve the 

role of demonstrating to the reader how to use the toolbox to perform such analyses. For clarity, the 

reviewer did not run through the described protocol in the paper so cannot confirm that it runs as 

described. However, the general review or "vignette" is an appropriate description of HOW to use the 



dashboard for this purpose, whether the study itself is of value and whether or not the results are 

surprising or not. 

RESPONSE: The authors do agree with the opinion of the reviewer. The graphs showing the relationships 

between log Kow and LC50 & ER binding have been moved to Supplementary Information and the 

Discussion part has been revised correspondingly (the last 3 paragraphs in Discussion), with stressing the 

limitation of this approach in the Discussion (the last paragraph). We adopted the most of the 

reviewer´s view-point in our revision, which is highly appropriate and correct, and would appreciate the 

reviewer for the valuable comments. 

I believe the scientific basis for the study of fish LC50 values vs logKow for endocrine disruption is, at 

best, a weak driver for the publication as there is enough literature reported examining such 

relationships. However, the application of the QSAR Toolbox to investigate the correlation is a valid 

application and a publication on the vignette may well be of value but the reviewer questions whether 

such an approach may already be captured in the QSAR Toolbox manual? 

RESPONSE: The authors fully agree with this point. In accordance to this viewpoint, we have removed 

the plots on log Kow from the main text, and more stressed on the other data, i.e., (1) the predicted vs. 

experimental LC50 and (2) the LC50 vs. ER binding affinity. The unrealistic correlation between log Kow 

and LC50 & ER binding has been clarified in the last paragraphs of Discussion, in accordance to the 

reviewer´s comments. In spite of such limitation, as the reviewer points out, we believe that our 

protocol and results are valid to be used as a vignette for one of the applications of QSAR Toolbox. It 

should be noted that, different from our protocol, the QSAR Toolbox manual only focuses on overall and 

functional presentation on the workflow. In contrast, our protocol highlights critical steps during the 

operation of algorithms (e.g., potential pitfalls and core advice in profiling and data gap filling) and 

where to find the relevant information on substance characteristics in a user-friendly manner, which 

allows improved reproducibility in data generation. The authors do thank the reviewer for the advice 

and guidance. 

 

Major Concerns: 

Line 98-100: The paper does NOT demonstrate that the QSAR Toolbox can predict the "reproductive 

toxicities" of aquatic vertebrates! LC50 is looking at lethality/mortality - not reproductive tox. It tries to 

identify a correlation between Kow and LC50 so this extrapolation is extreme. 

RESPONSE: The authors agree with this comment and it is reflected in the revised version, as explained 

in the above responses. 

 

Minor Concerns: 

Line 122: I do not rate them as automated workflows - they are stage by stage human driven. 

RESPONSE: The entire stages indeed cannot be said to be automated; however, in our protocol, the 

computation for the prediction is fully automated and takes place in stage of “Data gap filling”. In fact, 

the term of “automated workflow” has been defined by the developers of QSAR Toolbox software in this 



context. The other stages are also necessary to be run on the “automated workflow”, but are actually 

human driven, as the reviewer points out. At this point, our protocol is found to be useful, because the 

“automated workflow” needs some manual preparations in order to be executed. 

Line 131: So the workflow fails if there is no structure available? There is no way to enter a structure 

only use lookup? 

RESPONSE: Yes, if no SMILES is available, the QSAR Toolbox cannot do any computation. It is possible to 

draw a structure, and on the basis of the drawn structure a SMILES will be generated.  The Toolbox will 

search for the SMILES in the integrated databases and inventories, and the correct record can be 

chosen. If the structure cannot be retrieved in any database and inventory, the prediction can still be 

run based on the SMILES. 

Line 138: Why are multiple structures returned for a single CASRN? The mapping should be one to one. 

RESPONSE: CAS numbers are not unique identifiers. Under REACH for example, slightly different 

substances, e.g. with regard to their purity, are collectively assigned to a single CAS number. As the 

QSAR Toolbox is connected to ECHA CHEM, multiple records can be retrieved for a single CAS number. 

SMILES codes on the other hand a unique identifier. 

Line 375: Why is applying 3D QSAR modeling deemed to be a necessity? To describe outliers? There can 

be a myriad of reasons for outliers that will not be solved by modeling 3D QSAR 

RESPONSE: The corresponding part, mentioning 3D QSAR, has been removed in the revised manuscript. 

Line 381: I do not think of SMILES as 2D descriptors of structures - they are linear notation 

representations of the structure whereas descriptors would be those represented by Padel, DRAGON 

etc. 

RESPONSE: We agree. The “SMILES” has been deleted from the sentence. 

Line 387-392: This is the real reason why the approach is failing - logKow is not a good direct predictor of 

aquatic LC50 and this is well proven. 

RESPONSE: We agree. The revision has been performed according to the reviewer´s comment, as has 

been explained in the first two responses. 

The list of SMILES formulae should be noted to be for 2D non-stereochemical containing forms. 

RESPONSE: SMILES can be searched for as 2D non-stereochemical or 3D stereochemical containing 

forms in the QSAR Toolbox. The basis of computation is the 2D non-stereochemical form. The 

corresponding parts and Table 1 header have been corrected based on the reviewer’s comment. Thank 

you for this comment. 

The table of experimental versus predicted logKow values should not list values to NINE decimal places. 

2 would suffice. 

RESPONSE: The values have been corrected to exhibit two decimals. 

 



Some minor comments 

Line 53: 

There are some minor edits in the text required 

Line 46/47: The dependence of the estrogen receptor binding affinity on the relationship between Kow 

and LC50 is also discussed. 

Line 54: of A given chemicals database 

Line 56: QSAR tools CAN PRODUCE predictive toxicity profiles 

Line 88: "Since the release of THE first version" 

Line 105: straightforward 

RESPONSE: All the minor comments have been reflected in the revision. Thank you for the details. 

 

Reviewer #3: 

Manuscript Summary: 

This article describes a method to assess the toxicity to fish of endocrine disrupting chemicals using the 

tools implemented in OECD QSAR Toolbox. 

 

Major Concerns: 

Summary of major concerns: Even if the general methodology presented here is correct, the proposition 

of authors to correlate acute toxicity to fish (lethality) to ER binding seems inappropriate. And they 

indeed don't find a significant correlation. Studying the link between ER binding and chronic fish toxicity 

would be relevant, and a correlation might be found (which is only suggested in the last sentence of the 

manuscript). I am also concerned by the substances included in the dataset, as some are known EDCs 

because they bind to ER, but some others are EDCs because they bind to AR. Some other are probably 

not EDCs. A thorough validation of this dataset could be useful. 

RESPONSE: The authors agree with this point. The graphs showing the relationships between log Kow 

and LC50 & ER binding have been moved to Supplementary Information and the Discussion has been 

revised correspondingly (the last 3 paragraphs in Discussion). The unrealistic correlation between log 

Kow and LC50 & ER binding has been clarified in the last paragraphs of Discussion, in accordance to the 

reviewer´s comments. By using QSAR Toolbox, we have extensively tried to find a way to generate the 

data on chronic toxicity of fish with the list of EDs, but the current version of the Toolbox could produce 

few long-term predictions, and this point has been mentioned together with the future directions for 

improvement. Furthermore, the QSAR Toolbox does not provide an analysis option for AR binding. Our 

list of EDs has been adopted from those of the three previous papers (Nendza et al., 2019; Roncaglioni 

et al., 2008; Sosnová et al., 2016; note, references are provided in table caption of Table 1) where the 



same topic has been analyzed by using different methodologies. However, our list of EDs has been 

partially modified according to the reviewer´s comment, as explained below. 

 

line 250: Some of the compounds in table 1 are certainly not EDCs (e.g. the cresols, or the phenol), some 

of them are EDCs, but not related to ER (e.g. flutamide, which is metabolised into hydroxyflutamide 

binding to AR, but not ER). Therefore, you have a non-homogenous dataset, which may lead to 

erroneous analysis of the data and conclusions. 

RESPONSE: The authors agree with this point. The three chemicals (cresol, phenol, and flutamide) have 

been removed from our original list of EDs, and all the graphs have been re-plotted and fitted in 

accordance to this change. 

lines 283-285: The impact of ER binding on the acute fish toxicity is not very significant, as shown in 

figure 7. To see the impact of ER binding on toxicity, the authors should rather compare the chronic 

toxicity to fish to ER binding. A strong ER binding will impact the reproduction and the development of 

fish, but the lethality of parents in an acute test is not due to ER binding, but rather to narcosis in most 

cases, or to RedOx cycling in the case of 1,4-benzenediol (hydroquinone) for example. 

RESPONSE: The authors do agree with the necessity of the analysis of chronic toxicity for EDs, which is 

not yet available as “automated workflow” in the current version of QSAR Toolbox. In fact, there is no 

standard and straightforward workflow available for aquatic long-term toxicity in the current version. 

Prediction can be performed but fully manual. In addition, prediction of aquatic long-term toxicity is 

limited and often cannot be produced based on too little available data.  

Furthermore, we encountered in our preliminary study that using effect concentrations from long-term 

aquatic toxicity studies showed far higher effect concentrations than effect concentrations related to 

purely endocrine endpoints, such as the effects on the number of offspring compared to change in 

hormone levels. Therefore, predicted long-term toxicity data, which we generated in our preliminary 

study in the QSAR Toolbox, was not comparable to observe no effect concentrations (NOECs) of purely 

endocrine endpoints. The reason behind is that endpoints such as number of offspring, which is 

commonly measured in long-term toxicity studies and therefore available data in the QSAR toolbox, is 

often less sensitive compared to change in hormone levels. Therefore, comparing predicted results 

based on less sensitive endpoints were not well comparable to the previously published effect 

concentrations of the respective endocrine disrupter.  

In the revised manuscript, this limitation has been mentioned in the last paragraphs of Discussion, 

reflecting the reviewer’s comment. Thank you for valuable advice. 

 

Minor Concerns: 

lines 56-58: this definition of QSARs seems over-complicated, difficult to understand to me, while the 

principle of a QSAR is not that complicated. Possible reformulation: QSAR models link descriptor values 

(e.g. physicochemical or molecular parameters) to a toxicity endpoint values (e.g. LC50 = lethal 

concentration for 50% of test organisms). Then, the QSAR model can be used to predict this endpoint 

value for a new substance based on the values of the descriptors for this substance. 



RESPONSE: The authors fully agree with this and the corresponding part has been revised according to 

the reviewer’s comment. 

line 60: To be an operational and robust QSAR, it does not necessarily have a high-volume dataset. 

Better have 20 points with high-quality experimental studies than 1000 points with low-quality studies. 

RESPONSE: The authors fully agree with this and the corresponding part has been revised according to 

the reviewer’s comment. 

line 142: For batch mode input file: Don't you need to save the text file as .smi instead of .txt or the tool 

can not regognise it? I suggest also to write something like: "Refer to OECD QSAR Toolbox help file for 

guidelines related to writing of a batch input file." 

RESPONSE: No, the tool actually needs a list of CAS numbers saved as text file. Unfortunately, there is 

no guidance provided on how to prepare the text file in the manual. In the Supplementary Information, 

we have added an example text file (Supplementary Fig. S3). 

line 167: Please add a reference to the modified Verhaar scheme, i.e. Verhaar et al., 1992, Enoch et al., 

2008. 

RESPONSE: The references have been added. Thank you for the suggestion. 

lines 167-168: "provides a first estimate of the acute aquatic toxicity". Rather put "a first estimate of the 

acute aquatic toxicity mechanism". Verhaar scheme doesn't give an estimate of the toxicity (i.e. 

quantitatively), but just by which mechanism toxicity occurs. A baseline narcotic can be very toxic (if 

very hydrophobic) or very harmless (if very hydrophillic). 

RESPONSE: The corresponding part has been corrected based on the reviewer’s comment. Thank you 

for valuable comments. 

lines 373-376: The mechanism of toxicity of hydroquinone is well known and docking or 3D QSAR 

modelling doesn't appear "a necessity". The main reason for its acute toxicity is RedOx cycling: it is 

oxidized to benzoquinone and reduced back to semi-quinone or hydroquinone again and again, 

depleting cofactors and generating ROS. See (Bolton et al, 2000) "Role of Quinones in Toxicology". 

RESPONSE: The corresponding part in Discussion has been corrected based on the reviewer’s comment. 

Thank you for valuable advice and reference. 

line 385: The receptor binding is also due to hydrogen-bonding and pi-stacking. And the position of each 

chemical group on the molecule is also very important. If you move the OH groups of estradiol at other 

positions on the molecule, you will lose the receptor affinity, even if the hydrrophobicity and number of 

hydrogen-bond acceptors/donors remain the same. 

RESPONSE: The corresponding part in Discussion has been corrected based on the reviewer’s comment. 

We appreciate the reviewer for the valuable advice. 

lines 389-391: no link because, as explained earlier, this adverse outcome (acute lethality) is probably 

not due to this molecular initiating event (ER binding). But if you take developmental toxicity in a chronic 

fish study, then you may see the link between ER binding and toxic outcome. 

RESPONSE: The corresponding part has been corrected based on the reviewer’s comment. 



line 3 of Table 1: please remove the hyphen: "phenyl" instead of "phe-nyl". 

RESPONSE: Done. Thank you for the detail. 
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Fig. S1 and the following Eqs. 1 and 2 show the statistical relationship between the descriptor (KOW) and 

endpoint (LC50) of the EDs listed in Table 1. In the log-log plot, the linear regression for the predicted and 

experimental values showed a comparable slope (log10LC50 / log10KOW = -0.509 and -0.414, respectively) 

with a relatively high coefficient of determination for the prediction (adjusted r2 = 0.805 and 0.437 for 

prediction and observation, respectively).  

Computational prediction:  𝑙𝑜𝑔10𝐿𝐶50 = −0.509 ∙ 𝑙𝑜𝑔10𝐾𝑜𝑤 + 2.43 (Eq. 1) 

Experimental observation:  𝑙𝑜𝑔10𝐿𝐶50 = −0.414 ∙ 𝑙𝑜𝑔10𝐾𝑜𝑤 + 2.12 (Eq. 2) 
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Figure S1: Relationships between 96-h LC50 and log10KOW values of EDs listed in Table 1. For all fish 

species, the values for predicted (black empty squares, n = 74) and experimental (red empty circles, n = 

36) are plotted together in a log scale as a function of log10KOW. For the predicted LC50, the average 

values are displayed. The gray (Eq. 1) and light-red (Eq. 2) lines represent the linear regression for each 

case (predicted and experimental, respectively). 

 

 

 

 

 

Figure S2: Distributions of the log10KOW depending on the estrogen receptor (ER) binding affinity of EDs 

in Table 1 for all fish (n = 8-20 for each category). A box plot represents: (a) mean (small square with a 

horizontal bar), (b) 1st and 3rd quartiles (lower and upper ends of the box, respectively), (c) median 

(horizontal segment inside the box), (d) 5th and 95th percentile (lower and upper error bars, 

respectively), (e) 1th and 99th percentile (lower and upper ×, respectively), and (f) minimum and 

maximum (lower and upper −, respectively). 

 

  



 

Figure S3: Example of a substance list of CAS numbers for batch mode processing. Each CAS number is 

listed in a single row. The file was prepared in a text editor and must be saved as text file (.txt). 
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SUMMARY: 24 
Quantitative structure-activity relationship (QSAR) modeling is a representative bioinformatics-25 
assisted method in toxicological screening. We demonstrate a means of computationally 26 
assessing the risks of endocrine disruptors (EDs) in aquatic environments.  Utilizing the OECD 27 
QSAR Toolbox, we show a protocol to implement in silico assay for analyzing toxicity of EDs on 28 
fish. 29 
 30 
ABSTRACT: 31 
Computational analyses of toxicological processes have enabled high-throughput screening of 32 
chemical substances and prediction of their endpoints in biological systems. In particular, 33 
quantitative structure-activity relationship (QSAR) models have been increasingly applied to 34 
assess the environmental effects of a plethora of toxic materials. In recent years, some of the 35 
most highlighted types of toxicants are the endocrine disruptors (EDs) (i.e., chemicals that can 36 
interfere with any type of hormone-related metabolism). Because EDs may significantly affect 37 
animal development and reproduction, rapidly predicting the adverse effects of EDs using in silico 38 
techniques is required. In this study, we present an in silico method to generate prediction data 39 
on the effects of representative EDs on aquatic vertebrates, particularly fish species. We show 40 
an example protocol by utilizing the automated workflow of the QSAR Toolbox software 41 
developed by the Organisation for Economic Co-operation and Development to enable acute 42 
ecotoxicity predictions of EDs. As a result of this protocol, (1) tThe numerical correlations 43 
between the concentration for 50% of lethality (LC50) and the octanol-water partition coefficient 44 
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(Kow) are calculated, (2)and the output performances are presented in which the LC50 values 45 
determined in experiments are compared with those generated by computations., and (3) tThe 46 
dependences of Kow and LC50 on the estrogen receptor binding affinity on the relationship 47 
between Kow and LC50 are is also analyzed discussed.  48 
 49 
INTRODUCTION: 50 
New developments in informatics and computational technology have empowered all areas of 51 
biological sciences with quantitative methodologies that offer high precision and reliability1. In 52 
particular, algorithms used in molecular taxonomy and property classification have resulted in 53 
quantitative structure-activity relationship (QSAR) models2, which automatically correlate the 54 
chemical structures and biological activities of a given chemicals database and implement rapid 55 
in silico screening of a wide range of chemical substrates according to their medicinal or 56 
toxicological actions3. QSAR tools calculate can produce predictive toxicity profiles as a function 57 
of feature vectors of molecular descriptors (i.e., physicochemical parameters) of chemicals of 58 
interest to create categorical endpoints numerically4. Usually, each quantitative endpoint is 59 
displayed as a 2D scatter plot versus changes in descriptor values. A QSAR model is then 60 
generated from this by using (multiple) linear regression analyses. Once a high-volume dataset 61 
has been fully exploited to construct a QSAR model (called the training set), then the model is 62 
statistically validated by predicting the endpoints of a group of chemicals not included in the 63 
training set (called the test set). The model can then be used finally to predict the biological 64 
activities of untested compounds3.  65 
 66 
Among many harmful chemicals, endocrine disruptors (EDs) have been highlighted as a group of 67 
toxicants that may interfere in numerous hormone-related metabolisms in mammals, 68 
amphibians, and fish5,6. EDs are known to induce a variety of adverse effects, such as cancers and 69 
malformations, by blocking or altering normal hormonal pathways or by activating abnormal 70 
hormone synthesis/degradation signals. As a consequence, these hormone-mimicking chemicals 71 
can perturb endocrine systems such that biological development and reproduction of wildlife 72 
animal populations are hampered. In particular, the ecotoxicological effects of EDs have been 73 
extensively investigated in aquatic vertebrates, which have nearly identical hormone receptor 74 
structures to those of mammals, including humans. Because all hormonal actions occur at low 75 
doses in vivo, predicting the potential toxicities of ED candidates using rapid in silico screening is 76 
critical to public and environmental health. 77 
 78 
QSAR modeling studies on the toxicology of EDs have been conducted by utilizing both 2D and 79 
3D descriptors (known as 2D and 3D QSAR, respectively), which reveal the ED ligand binding 80 
affinities of estrogen, androgen, and progesterone receptors7. Despite the high-precision 81 
advantages of 3D QSAR, in which conformational and electrostatic interactions are considered, 82 
2D QSAR retains its own robustness in direct mathematical algorithms, rapid calculations, and 83 
extremely low computational loads. In addition, 2D-QSAR models are flexible for use in a wide 84 
range of applications while achieving relatively accurate prediction performance. 85 
  86 
The Organisation for Economic Co-operation and Development (OECD) QSAR Toolbox is currently 87 
one of the most utilized computer software tools, providing freely available and pre-built QSAR 88 



   

models8,9. Its profiler uses 2D descriptor databases. Since the release of its the first version in 89 
2008, the software has been applied in the fields of chemical and bio-industry, public health, and 90 
environmental safety for full or partial analysis of the potential risks of natural and synthetic 91 
compounds, with special interests in carcinogenesis10-12, mutagenicity13-15, and developmental 92 
toxicity16. The application to aquatic toxicology has also been demonstrated with a focus on 93 
bioaccumulation and biotransformation17.  94 
 95 
The QSAR Toolbox has been proven useful in predicting the short-term toxicity of broad range of 96 
chemicals17 as well as the estrogen receptor (ER) binding affinities of EDs18. However, the acute 97 
ecotoxicities of EDs in aquatic vertebrates has not been analyzed using the QSAR Toolbox. In this 98 
study, we present a typical and facile protocol to perform QSAR modeling on the acute adverse 99 
effects of EDs with a focus on fish species. The study shows that the QSAR Toolbox is a highly-100 
accessible and powerful piece of software for calculating and predicting the reproductive 101 
toxicities lethality/mortality of aquatic vertebrates for some representative EDs. The statistical 102 
treatment methods for the derived in silico datasets are presented. 103 
 104 
PROTOCOL: 105 
Fig. 1 shows the overall scheme for the general operation of the QSAR Toolbox. The flow shown 106 
in Fig. 2 provides straight-forward instructions on how to operate the in silico assay to predict 107 
acute ecotoxicity of target substances such as endocrine disrupting chemicals. 108 

1. Equipment 109 

Software: OECD QSAR Toolbox 4.0 or newer (free download from 110 
https://qsartoolbox.org/download/) and Microsoft Excel 2016, OriginPro 9, or other similar data 111 
analytical tools. 112 

Computer: The recommended system properties for the OECD QSAR Toolbox are: (i) system type: 113 
64 bit, Windows 7 or newer; (ii) processor: I5 at 2.4 GHz, or a faster processor or equivalent AMD 114 
CPU; (iii) installed memory (RAM): 6 GB; (iv) Hard Disk Drive (HDD): 20 GB of free hard drive space 115 
(OECD QSAR Toolbox 4.3 Release Notes: https://qsartoolbox.org/file/2019/02/Toolbox-4.3-116 
Release-Notes-1.pdf). 117 

2. Procedure 118 

2.1) OECD QSAR Toolbox  119 

Note that the QSAR Toolbox operates in six consecutive flow modules starting from “Input,” 120 
followed by “Profiling,” “Data,” “Category Definition,” “Data Gap Filling,” and “Report” located 121 
at the top of the program interface. 122 

2.1.1) Explore the aforementioned six stages through six toolbar icons by left-click through your 123 
mouse pointer. Have a first look over the stages of “Input,” “Data Gap Filling,” and “Report” that 124 
are necessary to perform the automated workflow “Ecotoxicological endpoint” and to document 125 
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its results.  126 

2.1.2) Take a short look over optional stages “Profiling” and “Data.” “Profiling” stage provides an 127 
initial insight into the target substance’s (eco)toxicity potential and environmental fate 128 
characteristics; optional “Data” stage enables searching for available experimental data related 129 
to the target substance. 130 

2.2) Input 131 

2.2.1) Upon starting the QSAR Toolbox, the user begins at the “Input” toolbox stage by default. 132 
The QSAR Toolbox creates a working file named “Document 1” automatically, which is displayed 133 
in the stage option panel on the left of the program interface. Rename the file, if desired, by right-134 
clicking the working file.  135 

2.2.2) Click on the “CAS#” button in the actions toolbar, enter the chemical abstract service (CAS) 136 
number of the target substance in the available text field and click “Search.” The tool then 137 
searches for the target substance by CAS number.  138 

2.2.3) If required, choose other search options that are available in the action toolbar such as 139 
searching by substance name or simplified molecular-input line-entry system (SMILES) code. 140 
SMILES can be entered as 2D non-stereochemical or 3D stereochemical containing forms. Click 141 
buttons “Name” or “Structure,”, respectively. Use the tool “Structure” to draw the target 142 
substance. 143 

2.2.4) The search tool displays the search results through database records in a pop-up window. 144 
Choose the record reporting a “high” CAS-SMILES relation (“CS Relation” field) if multiple records 145 
are retrieved for the target substance by checking the box on the left of the record. Click “OK.” 146 

Note that to proceed from this point is possible only if the retrieved record contains a SMILES 147 
code, as the SMILES code (2D non-stereochemical containing form) is the basis for computation.  148 

2.2.5) Batch mode: To perform the in silico assay for multiple target substances, write a simple 149 
substance list in a text editor in which each CAS number is listed in a single row (Supplementary 150 
Fig. S3). Save the text file with an appropriate name and extension .txt on the computer.  151 
 152 
2.2.6) Batch mode: Click on “Data.”. Then go to “Databases” in the stage option panel on the 153 
left of the program interface. Make sure databases are checked that are listed under 154 
“Ecotoxicological Information.” 155 
 156 
2.2.7) Batch mode: Click on “Input.”. Select “Query” from the actions toolbar. Accept the 157 
settings set in step 2.2.6 by clicking “Yes” in the dialog window.  158 
 159 
2.2.8) Batch mode: Choose the “CAS” tab. Upload the substance list saved as text file through 160 
“Load list” from your computer.   161 
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 162 
2.2.89) Batch mode: There are two “Add” buttons available; click the “Add” button on the 163 
bottom of the pop-up menu and then click “Execute.” The QSAR Toolbox will display a message 164 
on the number of substances that have been retrieved for the search.  165 

Note that some substances of the loaded list may not be found by the search tool or that several 166 
entries may be available for one CAS number. It is not possible to delete substances from the 167 
retrieved set of substances.  168 

2.3) Profiling (Optional. If not required, go to 2.5) 169 

2.3.1) Click on the toolbox stage button “Profiling.”. Go to “Profiling methods” in the stage option 170 
panel on the left of the program interface.  171 

2.3.2) Click “Unselect All.” Check all profilers listed under “Predefined” and those related to 172 
aquatic toxicity listed under “Endpoint specific” such as “Acute aquatic toxicity classification by 173 
Verhaar (Modified)19,20.”  174 

2.3.3) Finish the selection. Then click on the “Apply” button in the actions toolbar. 175 

Note that the QSAR Toolbox provides recommendations on a set of profilers. These are 176 
highlighted in green (suitable) and orange (plausible) when left-clicking the data matrix field next 177 
to the endpoint of interest. Available endpoints are listed in the endpoint tree next to the stage 178 
option panel.  179 

Note that the profiler “Substance type” will indicate whether the target substance is a “discrete 180 
chemical.” The information is displayed in the expanded endpoint tree “Profile,” “Predefined,” 181 
“Substance type.” Only if the target substance is a discrete chemical can the automated workflow 182 
run successfully.  183 

Note that “Acute aquatic toxicity classification by Verhaar (Modified)” provides a first estimate 184 
of the acute aquatic toxicity mechanism of the target substance19,20. The information is displayed 185 
in the expanded endpoint tree “Profile,” “Endpoint Specific,” “Acute aquatic toxicity classification 186 
by Verhaar (Modified).” Five classes are available: (class 1) inert chemicals (baseline toxicity); 187 
(class 2) less inert chemicals; (class 3) reactive chemicals; (class 4) specifically acting chemicals; 188 
and (class 5) for chemicals not possible to classify. 189 

2.3.4) Click “Parameter” in the endpoint tree to run integrated 2D and 3D QSAR models available 190 
in the QSAR Toolbox, if desired. Click “Calculate/extract all parameters for all chemicals” in the 191 
pop-up menu. 192 

2.3.5) 2D and 3D QSAR models compiled in “Parameter” provide numeric values. Use “Profiling 193 
methods” for qualitative information (see section 2.3.1).  194 
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2.4) Data (Optional. If not required, go to 2.5) 195 

2.4.1) Click on the toolbox stage button “Data.” Then click on button “Gather” from the actions 196 
toolbar.  197 

2.4.2) Select “All endpoints” to gather all experimental data; select “Choose” to gather endpoint 198 
specific experimental data.  As an example, if aquatic toxicity is taken as the user’s focus, the user 199 
would click on “Choose,” then on “Ecotoxicological Information,” “Aquatic toxicity,” and finally 200 
“OK.”  201 

Note that choosing to gather experimental data for all endpoints may lead to extended 202 
processing time.  203 

Note that the user can adapt the hierarchy of the endpoint tree to his or her own purposes. This 204 
changes the manner in which data are displayed.  205 

2.4.3) If desired, right-click the endpoint of interest in the endpoint tree area. Choose “Set tree 206 
hierarchy” in the pop-up menu. Organize the endpoint tree in the preferred manner by using the 207 
available terms and arrows and click “OK.”  208 

2.4.4) If desired, export the gathered data as a Microsoft Excel file. Right-click on the endpoint of 209 
interest and choose “Export Data matrix” in the pop-up menu. 210 

2.4.5) A “Matrix export” wizard opens and enables adding other endpoints to the export list. 211 
Finish the selection, click “Export,” and save the file on the computer.  212 

Note that exporting data from all databases is not possible. For example, data retrieved from the 213 
database “ECHA CHEM” cannot be saved. 214 

2.5) Data gap filling 215 

2.5.1) Click on the toolbox stage button “Data gap filling.”. Then click “Automated” in the actions 216 
toolbar.  217 

2.5.2) Select "Ecotoxicological Endpoint,” then “Fish, LC50 (lethal concentration, 50%) at 96-h for 218 
Pimephales promelas (mortality). “ Click “OK.” A “Workflow Controller” appears. 219 

2.5.3) Foresee some processing time up to several minutes, especially in batch mode. 220 

Note that the QSAR Toolbox automatically applies a defined set of profilers when searching for 221 
suitable substances with available experimental data for the prediction. The experimental data 222 
(e.g., effect concentrations 96-h LC50 (P. promelas) or 96-h EC50 (P. promelas, mortality)) are used 223 
to generate the prediction for the target substance by either the linear approximation or nearest 224 
neighbor method. Note that the methods of linear approximation and nearest neighbor are 225 



   

referred to as trend analysis (labeled as “T”) and read-across (labeled as “R”), respectively. 226 

2.5.4) The user receives a message if the prediction is performed successfully. Click “OK” and 227 
close the workflow controller indicating “Finished workflow” by clicking “x” in the upper right 228 
corner. 229 

2.5.5) Batch mode: Upon starting the automated workflow, the uses is asked to specify the range 230 
of substance on which to execute the workflow. Except the full range of substances selected by 231 
default in the dialog window by clicking “OK.”   232 

2.5.6) Batch mode: The user will not receive a message indicating whether a prediction was run 233 
successfully or unsuccessfully. Close the workflow controller indicating “Finished workflow” at 234 
the end of the batch processing by clicking “x” in the upper right corner. 235 

2.6) Report 236 

2.6.1) If a prediction was successfully executed, click on the toolbox stage button “Report.” 237 

Note that no reports can be generated in batch mode. 238 

2.6.2) Scroll down and find the prediction value in matrix field located in a yellow-highlighted row 239 
next to endpoint “96-h.” The predicted value is labelled with “T” or “R.”. Activate this specific 240 
data matrix field by left-clicking it.  241 

2.6.3) Click the button “Prediction” in the actions toolbar. Customize the report content and 242 
appearance in the pop-up wizard. Three types of reports are available: (i) prediction, (ii) category, 243 
and (iii) data matrix.  244 

2.6.4) The wizard allows the user to fill in the author’s name and contact details. Write a short 245 
summary, provide a detailed explanation of the mechanistic interpretation, or provide a 246 
justification for the adequacy of the prediction.  247 

2.6.5) Include additional information related to the executed prediction, if desired. The extent of 248 
additional information depends on the user.  249 

2.6.6) Go through the wizard by clicking “Next.” Finally, click “Create report” and save the 250 
prediction and category reports as PDF files and the data matrix as a Microsoft Excel spreadsheet 251 
on the computer.  252 

2.6.7) Find additional details on the functionalities of the QSAR Toolbox and automated 253 
workflows in the application manual for the OECD QSAR Toolbox v. 4 (F1 help on the key board). 254 
Details on the algorithms and rationale behind the automated workflow are described by 255 
Dimitrov et al.8 and Yordanova et al. 9 256 



   

3. Application 257 

3.1) If the user chooses to use the predicted effect concentration (i.e., 96-h LC50 of P. promelas) 258 
in the environmental risk assessment, he or she can use the lower limit of the 95% confidence 259 
interval. Find the data on the first page of the saved prediction report (PDF) in “Prediction 260 
summary,” “Predicted value: <mean> (from <lower_limit> to <upper_limit>).” 261 

Note that the advice given here is based on results of the comparison between predicted and 262 
experimental data for a set of target substances reported in this study. Selecting the lower end 263 
of the 95% confidence range will increase the likelihood that the predicted effect concentration 264 
will not underestimate the real toxicity of the substance (please see the following section). The 265 
predicted effective concentration of the lower limit of the 95% confidence interval will therefore 266 
present a safer basis for the risk assessment. 267 

2. Procedure 268 

2.1) OECD QSAR Toolbox  269 

INFO: The QSAR Toolbox operates in six consecutive flow modules starting from “Input,” followed 270 
by “Profiling,” “Data,” “Category Definition,” “Data Gap Filling,” and “Report” located at the top 271 
of the program interface. 272 

2.1.2) Explore the aforementioned six stages through six toolbar icons. The stages of “Input,” 273 
“Data Gap Filling,” and “Report” are necessary to perform automated workflows and to 274 
document results. Optional “Profiling” stage provides an initial insight into the target substance’s 275 
(eco)toxicity potential and environmental fate characteristics; optional “Data” stage enables 276 
searching for available experimental data related to the target substance. 277 

2.2) Input 278 

2.2.1) Upon starting the QSAR Toolbox, the user begins at the “Input” toolbox stage by default. 279 
The QSAR Toolbox creates a working file named “Document 1” automatically, which is displayed 280 
in the stage option panel on the left of the program interface. Rename the file, if desired, by right-281 
clicking the working file.  282 

2.2.2) Click on the “CAS#” button in the actions toolbar, enter the chemical abstract service (CAS) 283 
number of the target substance in the available field and click “Search.” The tool then searches 284 
for the target substance by CAS number.  285 

INFO: If required, other search options are available such as searching by substance name 286 
(“Name”) or simplified molecular-input line-entry system (SMILES) code (“Structure”).  287 

2.2.3) The search tool displays the search results through database records. Choose the record 288 
reporting a “high” CAS-SMILES relation (“CS Relation” field) if multiple records are retrieved for 289 



   

the target substance and click “OK.” 290 

INFO: Note that to proceed from this point is possible only if the retrieved record contains a 291 
SMILES code, as the SMILES code is the basis for computation.  292 

2.2.4) Batch mode: To perform the in silico assay for multiple target substances, write a text file 293 
in which each CAS number is listed in a single row. Save the text file.  294 
 295 
2.2.5) Batch mode: Select “Query” from the actions toolbar, accept the default settings by 296 
clicking “Yes,” chose the “CAS” tab, and upload the substance list through “Load list.” There are 297 
two “Add” buttons available; click the “Add” button on the bottom of the pop-up menu and 298 
then click “Execute.” The QSAR Toolbox will display a message on the number of substances 299 
that have been retrieved for the search.  300 

INFO: Be aware that some substances of the loaded list may not be found by the search tool or 301 
that several entries may be available for one CAS number. It is not possible to delete substances 302 
from the retrieved set of substances. Batch processing must be applied to all retrieved 303 
substances.   304 

2.3) Profiling (Optional. If not required, go to 2.5) 305 

2.3.1) Click on the toolbox stage button “Profiling” and go to “Profiling methods.”  306 

2.3.2) The “Profiling methods” are listed on the left in the stage option panel. Click “Unselect All” 307 
and check all profilers listed under “Predefined” and those related to aquatic toxicity listed under 308 
“Endpoint specific” such as “Acute aquatic toxicity classification by Verhaar (Modified).” Finish 309 
the selection and click on the “Apply” button in the actions toolbar. 310 

TIP: The QSAR Toolbox provides recommendations on a set of profilers. These are highlighted in 311 
green (suitable) and orange (plausible) when left-clicking the data matrix field next to the 312 
endpoint of interest. Available endpoints are listed in the endpoint tree next to the stage option 313 
panel.  314 

INFO: Note that the profiler “Substance type” will indicate whether the target substance is a 315 
“discrete chemical.” The information is displayed in the expanded endpoint tree “Profile,” 316 
“Predefined,” “Substance type.” Only if the target substance is a discrete chemical can the 317 
automated workflow run successfully.  318 

INFO: “Acute aquatic toxicity classification by Verhaar (Modified)” provides a first estimate of the 319 
acute aquatic toxicity of the target substance. The information is displayed in the expanded 320 
endpoint tree “Profile,” “Endpoint Specific,” “Acute aquatic toxicity classification by Verhaar 321 
(Modified).” Five classes are available: (class 1) inert chemicals (baseline toxicity); (class 2) less 322 
inert chemicals; (class 3) reactive chemicals; (class 4) specifically acting chemicals; and (class 5) 323 
for chemicals not possible to classify. 324 



   

2.3.3) Right-click “Parameter” to run integrated 2D and 3D QSAR models available in the QSAR 325 
Toolbox, if desired. Click “Calculate/extract all parameters for all chemicals” in the pop-up menu. 326 

INFO: Note that parameters provide numeric values. Use “Profiling methods” for qualitative 327 
information (see section 2.3.1).  328 

2.4) Data (Optional. If not required, go to 2.5) 329 

2.4.1) Click on the toolbox stage button “Data” and then button “Gather” from the actions 330 
toolbar. Select “All endpoints” to gather all experimental data; select “Choose” to gather 331 
endpoint specific experimental data. As an example, if aquatic toxicity is taken as the user’s focus, 332 
the user would click on “Choose,” then on “Ecotoxicological Information,” “Aquatic toxicity,” and 333 
finally “OK.”  334 

TIME: Be aware that choosing to gather experimental data for all endpoints may lead to extended 335 
processing time.  336 

INFO: The user can adapt the hierarchy of the endpoint tree to his or her own purposes. This 337 
changes the manner in which data are displayed. Right-click the endpoint of interest in the 338 
endpoint tree area. Choose “Set tree hierarchy” in the pop-up menu. Organize the endpoint tree 339 
in the preferred manner and click “OK.”  340 

TIP: If desired, export the gathered data as a Microsoft Excel file. Right-click on the endpoint of 341 
interest and choose “Export Data matrix” in the pop-up menu. A “Matrix export” wizard opens 342 
and enables adding other endpoints to the export list. Finish the selection, click “Export,” and 343 
save the file.  344 

INFO: Note that exporting data from all databases is not possible. For example, data retrieved 345 
from the database “ECHA CHEM” cannot be saved. 346 

2.5) Data gap filling 347 

2.5.1) Click on the toolbox stage button “Data gap filling” and then on “Automated” in the actions 348 
toolbar. Select "Ecotoxicological Endpoint,” then “Fish, LC50 (lethal concentration, 50%) at 96-h 349 
for Pimephales promelas (mortality),” and click “OK.” A “Workflow Controller” appears. 350 

TIME: This process may take up to several minutes, especially in batch mode. 351 

INFO: The QSAR Toolbox automatically applies a defined set of profilers when searching for 352 
suitable substances with available experimental data for the prediction. The experimental data 353 
(e.g., effect concentrations 96-h LC50 (P. promelas) or 96-h EC50 (P. promelas, mortality)) are used 354 
to generate the prediction for the target substance by either the linear approximation or nearest 355 
neighbor method. Note that the methods of linear approximation and nearest neighbor are 356 
referred to as trend analysis and read-across, respectively. 357 



   

2.5.2) The user receives a message if the prediction is performed successfully. Click “OK” and 358 
close the workflow controller indicating “Finished workflow.”  359 

INFO: Batch mode: The user will not receive a message indicating whether a prediction was run 360 
successfully or unsuccessfully. Close the workflow controller indicating “Finished workflow” at 361 
the end of the batch processing. 362 

2.6) Report 363 

2.6.1) If a prediction was successfully executed, click on the toolbox stage button “Report.” 364 

INFO: Note that no reports can be generated in batch mode. 365 

2.6.2) Scroll down and find the relevant data matrix field located in a yellow-highlighted row next 366 
to endpoint “96-h.” Activate this specific data matrix field by left-clicking it. 367 

2.6.3) Click on the button “Prediction” in the actions toolbar and, in the pop-up wizard, customize 368 
the report content and appearance. Three types of reports are available: (i) prediction, (ii) 369 
category, and (iii) data matrix.  370 

INFO: The wizard allows the user to fill in the author’s name and contact details. Write a short 371 
summary, provide a detailed explanation of the mechanistic interpretation used, or provide a 372 
justification for the adequacy of the prediction. Include additional information related to the 373 
executed prediction, if desired. The extent of additional information depends on the user.  374 

2.6.4) In the wizard, click “Next.” Finally, click “Create report” and save the prediction and 375 
category reports as PDF files and the data matrix as a Microsoft Excel spreadsheet.  376 

TIP: Additional details on the functionalities of the QSAR Toolbox and automated workflows can 377 
be found in the application manual for the OECD QSAR Toolbox v. 4 (F1 help on the key board). 378 
Details on the algorithms and rationale behind the automated workflow are described by 379 
Dimitrov et al.8 and Yordanova et al. 9 380 

3. Application 381 

3.1) If the user chooses to use the predicted effect concentration (i.e., 96-h LC50 of P. promelas) 382 
in the environmental risk assessment, he or she can use the lower limit of the 95% confidence 383 
interval. Find the data on the first page of the saved prediction report (PDF) in “Prediction 384 
summary,” “Predicted value: <mean> (from <lower_limit> to <upper_limit>).” 385 

INFO: The advice given here is based on results of the comparison between predicted and 386 
experimental data for a set of target substances reported in this study. Selecting the lower end 387 
of the 95% confidence range will increase the likelihood that the predicted effect concentration 388 
will not underestimate the real toxicity of the substance (please see the following section). The 389 



   

predicted effective concentration of the lower limit of the 95% confidence interval will therefore 390 
present a safer basis for the risk assessment. 391 
 392 
REPRESENTATIVE RESULTS: 393 
The example protocol described in this study was implemented for quantitative analysis and 394 
prediction of acute toxicities of selected EDs in fish. Based on assessments of the entire species 395 
available from the database, values for the predicted and experimental 96-h log10LC50 exhibited 396 
linearity with the log10KOW values in the domain between -1 and 7, indicating a hyperbolic 397 
correlation between LC50 and KOW. An overall trend existed whereby the LC50 decreased for 398 
higher KOW values of EDs for the data obtained from both computational predictions and 399 
experiments, suggesting increasing acute toxicity in fish species for EDs with higher 400 
hydrophobicity. Fig. 3 and the following Eqs. 1 and 2 show the statistical relationship between 401 
the descriptor (KOW) and endpoint (LC50) of the EDs listed in Table 1. In the log-log plot, the 402 
linear regression for the predicted and experimental values showed a comparable slope 403 
(log10LC50 / log10KOW = -0.508 and -0.411, respectively) with a relatively high coefficient of 404 
determination for the prediction (adjusted r2 = 0.807 and 0.446 for prediction and observation, 405 
respectively).  406 
Computational prediction:  𝑙𝑜𝑔10𝐿𝐶50 = −0.508 ∙ 𝑙𝑜𝑔10𝐾𝑜𝑤 + 2.43 (Eq. 1) 407 
Experimental observation:  𝑙𝑜𝑔10𝐿𝐶50 = −0.411 ∙ 𝑙𝑜𝑔10𝐾𝑜𝑤 + 2.11 (Eq. 2) 408 
 409 
When the predicted data points were plotted versus experimental data points as a log-log scale, 410 
a positive correlation between both was found for all fish and for a representative species, 411 
namely, Pimephales promelas (fathead minnow) (Fig. 34). In both cases, the slope of the linear 412 
regression appeared to be comparable (Predicted LC50 / Experimental LC50 = 0.61125 and 0.60213 413 
for all fish and P. promelas, respectively). Because of the limited amount of experimental data, 414 
the number of available values from experimental observation was usually smaller than that from 415 
computational prediction. Application of the tolerance factor as 5-folds for the computational 416 
capability2119 resulted in 945% (346/368) and 96% (26/27) of the protective prediction for all fish 417 
and P. promelas, respectively. Based on this prediction, 3',5,7-trihydroxy-4',6-418 
dimethoxyisoflavone and 1,4-benzenediol appeared to exhibit calculated LC50 values greater than 419 
the tolerance limit. 420 
 421 
To enable safety assessment at the highest reliability, further computational analysis was 422 
performed by plotting the predicted lower limit of the 95% confidence interval of LC50 (instead 423 
of the mean values used in Fig. 32) versus the experimentally derived values (Fig. 45). In this 424 
evaluation with an elevated safety threshold, 92% (335/368) of the total tested endocrine 425 
disrupting compounds were shown to fall into the protective range when compared to the 426 
experimentally derived values except for 3',5,7-trihydroxy-4',6-dimethoxyisoflavone, 1,4-427 
benzenediol, and 4-hexylphenol.  428 
 429 
Based on assessments of the entire species available from the database, values for the predicted 430 
and experimental 96-h log10LC50 exhibited linearity with the log10KOW values in the domain 431 
between -1 and 7, indicating a hyperbolic correlation between LC50 and KOW. An overall trend 432 
existed whereby the LC50 decreased for higher KOW values of EDs for the data obtained from both 433 
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computational predictions and experiments, suggesting increasing acute toxicity in fish species 434 
for EDs with higher hydrophobicity (Supplementary Fig. S1). 435 
 436 
By the rule-based ER profiler embedded in the OECD QSAR Toolbox, the ER binding affinities of 437 
the EDs were categorized as non-, weak, moderate, strong, and very strong binders in order of 438 
increasing binding affinity18. Accordingly, the statistical distribution of log10Kow could be displayed 439 
as a qualitative classification of ER binding affinity (Supplementary Fig. 6S2). Overall, the changes 440 
in Kow distribution ranges and their mean levels appeared not to have a defined tendency. 441 
Similarly, the distributions of predicted and experimental LC50 were shown as the extent of the 442 
ER binding affinity (Fig. 57). In this case, the mean levels of predicted LC50 for ER binders were 443 
higher than those of non-binders. By contrast, for the experimental LC50, the mean levels of non- 444 
and weak binders were higher than those of stronger ER binders.  445 
 446 
FIGURE AND TABLE LEGENDS: 447 
Table 1: List of evaluated endocrine disrupting chemicals. Average mean (AVE) and lower 95% 448 
confidence interval (CI) effective concentrations (95-h LC50, Pimephales promelas) as well as 449 
Estrogen Receptor Binding were predicted with the QSAR Toolbox version 4.3 Automated 450 
Workflow. Log10Kow was retrieved via QSAR Toolbox version 4.3 from KOWWIN v1.68, 2000, 451 
U.S. Environmental Protection Agency. Experimental log10Kow values were preferred over 452 
predicted values. The target substance list was compiled from previously reported lists of 453 
EDs220-242. 454 
 455 
Figure 1: Basic scheme of the general workflow of the OECD QSAR Toolbox. 456 
 457 
Figure 2: Flow conceptualizing the modules and sequences applied to predict the acute 458 
toxicities of endocrine disruptors (EDs) in fish using the OECD QSAR Toolbox. 459 
 460 
Figure 3: Relationships between 96-h LC50 and log10KOW values of EDs listed in Table 1. For all 461 
fish species, the values for predicted (black empty squares, n = 77) and experimental (red 462 
empty circles, n = 38) are plotted together in a log scale as a function of log10KOW. For the 463 
predicted LC50, the average values are displayed. The gray (Eq. 1) and light-red (Eq. 2) lines 464 
represent the linear regression for each case (predicted and experimental, respectively). 465 
 466 
Figure 34: Predicted versus experimental 96-h LC50 of EDs in Table 1 for all fish (blue diamonds, 467 
n = 368) and for a selected species, P. promelas (cyan diamonds, n = 27). For the predicted LC50, 468 
the average (“AVE”) values are displayed. The dashed lines represent the linear regressions for 469 

the two groups: for all fish (light blue), 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐿𝐶50
𝐴𝑉𝐸 = 0.61125 ∙ (𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 𝐿𝐶50) +470 

0.27789 (adjusted r2 = 0.4018), and for P. promelas (light cyan), 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐿𝐶50
𝐴𝑉𝐸 = 0.60213 ∙471 

(𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 𝐿𝐶50) + 0.38598 (adjusted r2 = 0.44152). The solid diagonal line shows unity in 472 
which the predicted and experimental values are equal2119. The dotted gray line shows the 5-473 
fold tolerance limit of the computational capability19. Outliers: 3',5,7-trihydroxy-4',6-474 
dimethoxyisoflavone (*) and 1,4-benzenediol (**). 475 
 476 
Figure 45: Predicted (lower limit of the 95% confidence interval; “low-95%”) versus 477 



   

experimental 96-h LC50 of EDs in Table 1 for all fish (n = 368). The dashed line represents the 478 

linear regression: 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐿𝐶50
𝐴𝑉𝐸 = 0.47093 ∙ (𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 𝐿𝐶50) − 0.312293, where 479 

adjusted r2 = 0.193207. The solid diagonal line indicates unity where the predicted and 480 
experimental values are equal to each other19. Outliers: 3',5,7-trihydroxy-4',6-481 
dimethoxyisoflavone (*), 1,4-benzenediol (**), and 4-hexylphenol (***). 482 
 483 
Figure 6: Distributions of the log10KOW depending on the estrogen receptor (ER) binding affinity 484 
of EDs in Table 1 for all fish (n = 8-22 for each category). A box plot represents: (a) mean (small 485 
square with a horizontal bar), (b) 1st and 3rd quartiles (lower and upper ends of the box, 486 
respectively), (c) median (horizontal segment inside the box), (d) 5th and 95th percentile (lower 487 
and upper error bars, respectively), (e) 1th and 99th percentile (lower and upper ×, respectively), 488 
and (f) minimum and maximum (lower and upper −, respectively). 489 
 490 
Figure 57: Distributions of the predicted (solid boxes; n = 8-202 for each category) and 491 
experimental (dashed boxes; n = 3-16 for each category) 96-h LC50 depending on the ER binding 492 
affinity of EDs in Table 1 for all fish. A box plot represents: (a) mean (small square with a 493 
horizontal bar), (b) 1st and 3rd quartiles (lower and upper ends of the box, respectively), (c) median 494 
(horizontal segment inside the box), (d) 5th and 95th percentile (lower and upper error bars, 495 
respectively), (e) 1th and 99th percentile (lower and upper ×, respectively), and (f) minimum and 496 
maximum (lower and upper -, respectively). 497 
 498 
DISCUSSION: 499 
The versatility of the OECD QSAR Toolbox as analytic software for ecotoxicology was shown 500 
here with specific interest in the adverse effects of endocrine disrupting chemicals on aquatic 501 
vertebrates. In addition, a simple and standard protocol was demonstrated for predicting acute 502 
toxicity (96-h LC50) of 747 representative EDs (Table 1) for fish species. This was achieved by 503 
applying category building, data gap filling, and ER profiling modules embedded in the QSAR 504 
Toolbox (Figs. 1 and 2). 505 
 506 
The linear correlation between log10LC50 and log10KOW with a negative slope (as shown in 507 
Supplementaray Fig. S13) has long been known as a standard quantitative relationship in QSAR 508 
analyses253, where higher toxicity is shown the more hydrophobic a given chemical is. As can be 509 
seen from a simple calculation, the general mathematical relation that includes Eqs. 1 and 2, 510 

𝑙𝑜𝑔(𝐿𝐶50) = 𝑎´ − 𝑏 ∙ 𝑙𝑜𝑔(𝐾𝑜𝑤)  (Eq. 3) 511 
is a converted expression from the following power function264: 512 

𝐿𝐶50 = 𝑎 ∙ 𝐾𝑜𝑤
−𝑏, where 𝑎´ = 𝑙𝑜𝑔(𝑎)  (Eq. 4) 513 

From the plot of (4), characterizing an intermediate range of KOW
264 may be possible by 514 

adjusting the parameters a and b, where a certain variation in hydrophobicity (or hydrophilicity) 515 
does not significantly change the endpoint of acute toxicity. 516 
 517 
Comparative analyses between the computational predictions and experimental observations 518 
on the LC50, as shown in Figs. 34 and 45, have been typically reported in studies of QSAR for 519 
various aquatic toxicants, including technical nonionic surfactants275, triazole fungicides286, and 520 
pesticide metabolites2119. This type of retrospective validation provides information on how far 521 



   

a given QSAR tool can reach in terms of comparative performance to experimental results. In 522 
our study of acute toxicity in fish, the QSAR Toolbox is proven to provide protective predictions 523 
for over 90% of the tested EDs on all fish and on a single species, Pimephales promelas.  524 
 525 
Further identifying the three outlier chemicals in Figs. 34 and 45, which showed higher 526 
predicted LC50 on average and at a minimum, respectively, is required. First, the 3',5,7-527 
trihydroxy-4',6-dimethoxyisoflavone is a type of flavonoid (more specifically, an isoflavone), 528 
which is considered to be generally safe and is used in herbal pharmaceuticals but still has 529 
estrogen-related concerns297.and may cause acute toxicity probably through oxidative 530 
phosphorylation uncoupling30. Next, the 1,4-benzenediol, called hydroquinone, is a phenolic 531 
compound that can trigger a non-specific and cytotoxic immune response in fish3128. Finally, the 532 
4-hexylphenol has been known to exhibit sufficient positive estrogenic activity to be classified 533 
as an ED3229. It is well studiedknown that the main reason of the acute toxicity of hydroquinone 534 
is the reduction-oxidation (redox) cycling: The hydroquinone is oxidized to benzoquinone and 535 
reduced back to semi-quinone or hydroquinone repeatedly, with depleting cofactors and 536 
generating reactive oxygen species33. All of these three The other two chemicals may require 537 
deeper investigations to reveal their mechanisms of action in acute ecotoxicity using molecular 538 
docking approaches such as that of Panche et al.340, which cannot be covered by the QSAR 539 
Toolbox. At this point, applying 3D QSAR modeling is a necessity3. 540 
 541 
EDs interfere with the endocrine system mainly through physicochemical interactions with 542 
steroid receptors such as estrogen and androgen receptors, which are of considerable interest 543 
in QSAR modeling studies351. Considering this, the QSAR Toolbox is robust in terms of facile and 544 
rapid classification of ER binding affinities for a set of chemicals based only on the 2D 545 
descriptors of molecular structures, such as SMILES codes18. When this ER profiler system was 546 
applied to our list of EDs, we first found no clear correlation between ER binding affinity and 547 
hydrophobicity (Supplementary Fig. S26). This result might be explained by the fact that the 548 
formation of a steroid-receptor complex is not a direct consequence of a hydrophobic bonding 549 
contribution but should be accompanied by a conformational change in the active-site receptor 550 
structure362. The receptor binding can be also due to hydrogen-bonding and π-stacking. 551 
Additionally, the position of each chemical group on the molecule may affect the receptor 552 
binding, even if the hydrophobicity and number of hydrogen-bond acceptors-donors remain the 553 
same. Second, the ER profiler produced contrary trends between predicted and experimental 554 
LC50 mean levels with increasing ER binding affinity (Fig. 57). This may be because the lethality 555 
of parents in an acute toxicity test would not be due to ER binding but rather to narcosis in 556 
most cases, or to redox cycling in the case of hydroquinone, for example. This suggests a 557 
fundamental predictive limitation of the conventional QSAR tools, where there is a lack of 558 
multi-step pathway linkages between the molecular initiating event (ER binding of EDs) and the 559 
adverse outcome (endpoint, including LC50)33. However, more extensive analysis, including the 560 
chronic toxicity, is required on a larger set of EDs to define the predictive limitations of the 561 
current version of the QSAR Toolbox. 562 
 563 
This preliminary research might also have public health implications because the steroids 564 
(androgens, estrogens, progestines, and corticoids) and their receptors exhibit similar or even 565 

Formatted: Superscript

Formatted: Superscript

Formatted: Font: (Asian) Korean



   

identical macromolecular structures across vertebrates5. These types of analogous endocrine 566 
signaling systems may operate using a common mechanism in key events of EDs5 (Hayes, 2005). 567 
Nevertheless, additional and complementary methodologies are required to illuminate this vast 568 
and complex aspect, for example, by performing computational modeling of absorption, 569 
distribution, metabolism, and excretion (ADME), and/or adverse outcome pathway (AOP)384. 570 
Furthermore, because most of the scientific and public concerns raised about the adverse 571 
effects of EDs are related to their chronic toxicities, improving the databases and algorithms in 572 
the QSAR Toolbox and producing reliable long-term ecotoxicology predictions for EDs are both 573 
necessary. 574 
 575 
In this paper, we have demonstrated the application of QSAR Toolbox to compare 576 
ecotoxicological LC50 values for fish with log10Kow values of EDs. Throughout the suggested 577 
protocol, it results in little relationship between the two parameters, as have been revealed by 578 
previous studies (Kim et al.39, for example) that log10Kow is not a good direct predictor of aquatic 579 
LC50. However, most of the current QSARs use log10Kow as explanatory variable (Melnikov et 580 
al. 2016), as it is difficult to find other more suitable but simple input parameter with predictive 581 
power (#reference). In spite of this limitation, our protocol provides a general review or 582 
“vignette” to describe how to use the dashboard for a given purpose, since it is a valid 583 
application to use the QSAR Toolbox for investigating correlation between LC50 (or ER binding 584 
affinity) and log10Kow. Nevertheless, it should be noted that (1) illuminating the link between 585 
estrogen receptor binding and chronic toxicity, rather than acute toxicity (lethality), would be 586 
more relevant so that clearer correlation(s) might be found, and (2) the androgen receptor, 587 
together with that of estrogen, also plays a critical role in reproductive toxicity. Therefore, it is 588 
required for the future version of the QSAR Toolbox to improve the prediction functions in light 589 
of those two points.  590 
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