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ABBREVIATIONS

A. flos-aquae — freshwater cyanobacteria Aphanizomenon flos-aquae,
C.carpio — European carp Cyprinus carpio,

CPANN - counter-propagation artificial neural network,
C. pyrenoidosa — freshwater algae Chlorella pyrenoidosa,
C. vulgaris — microalga Chlorella vulgaris,

D. magna - planktonic crustacean Daphnia magna,

DTB — decision tree boost,

DTF — decision tree forest,

D. tertiolecta — algae Dunaliella tertiolecta,

GA — genetic algorithm,

GC — group contribution,

kNN — k-nearest neighbours,

L — linear models,

LDA — linear discriminant analysis,

L. gibba — plant Lemna gibba,

L. macrochirus (bluegill) — fish Lepomis macrochirus,
LR — linear regression,

NL — nonlinear models,

(A)NN — (artificial) neural networks,

N. pelliculosa — diatom Navicula pelliculosa,

MLR — multilinear regression,

O.mykiss (rainbow trout) — fish Oncorhynchus mykiss,



PCA — principal component analysis,

PLS — partial least squares,

P. promelas (fathead minnow) — fish Pimephales promelas,
P. reticulata (guppy) — fish Poecilia reticulata,

P. subcapitata — microalga Raphidocelis subcapitata,
RBFN - Radial basis function network,

R — random forests,

R. japonica — plant Rohdea japonica or frog Rana japonica,
S. costatum — marine diatom Skeletonema costatum,

S. obliguus — algae Scenedesmus obliquus,

S.quadricauda — freshwater microalgae Scenedesmus quadricauda,
S. subspicatus — algae Scenedesmus subspicatus,

SVM — support vector machines,

T. pyriformis — algae Tetrahymena pyriformis,

V fischeri — bacteria Vibrio fischeri

S1. Knowledge extraction and collection
Article collection

The knowledge extraction was performed on scientific articles collected from ScienceDirect,
Pubmed, and Web of Science!. “Aquatic toxicity” and a period of 21 years, from 2000 to 2020,
were used as search parameters. The search resulted in the identification of thousands of
publications, and these articles could be collected and analyzed by the proposed method. However,

to reduce the amount of manual work, the domain was defined in an even stricter way. Only the



articles with titles related to predictive ecotoxicity, QSARs, information on the aquatic toxicity of
the separate chemical classes (groups), and modes of action (MoA) were collected. Studies on
inorganic, metals and metallorganic compounds, ionic liquids, epoxides, peroxides, and mixtures
were excluded. The exclusion of certain groups of chemicals is a standard practice in the domain
due to the inability of the software to compute descriptors and/or read SMILEs (simplified
molecular-input line-entry systems) of specific chemical classes. Chemicals with rapidly
degrading groups like peroxides and epoxides are very reactive under environmental conditions,
and it is recommended to consider the breakdown products instead’. The article collection step
resulted in the identification of around 400 publications'. Analysis of bibliometric information of
the collected articles is presented in Figures S1 and S2. It can be seen that the distribution over the
publication years is relatively even, but the highest number of papers is from the last three years
(Figure S1a). About thirty authors, having the number of articles equal to or exceeding five (Figure
S1b), seem to be publishing more in this domain. Around 4% of the investigated papers seem to

dominate the citations (Figure S1c).

Visualization in Figure S2 performed with the help of VOSviewer® presents a term map for
words with minimum co-occurrence equal to ten. The map is based on text data of titles and
abstracts of the articles. The size of the circle and the word label show the importance of the term.
The larger the circle and the label, the more frequent the term is. More correlated terms have a
shorter distance between the circles. The color of a term circle indicates the average year of the
publications containing the term. The lines between the terms represent co-occurrence links. The
higher is the number of publications in which two words occur together, the stronger the link is>.
According to the figure, the earlier studies seem to be dealing with modes and mechanisms of toxic

action, analysis of the relationships between structure, molecular descriptors, and toxicity. The



later publications address prediction models and their performance. Overall, model-related topics
also seem to dominate the research area of the collection of articles. The list of articles used for

text mining is available from the corresponding author on request.
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Figure S1. Analysis of articles’ bibliometric information. *-number of citations at the time of the
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Figure S2. Term co-occurrence map (minimum co-occurrence = 10)

Text mining

A python-based package “knowmine” was developed containing several modules that automate
text mining. The automated text mining consisted of three main parts: extraction of article texts
and single sentences, key phrase extraction, and extraction of the relevant sentences'. First, the
text of the articles was recognized and pre-cleaned: the title, abstract, and references were
removed, as well as extra spaces appearing during the text recognition and e-mails. After the text
precleaning, single sentences were identified based on sentence terminators (dot, exclamation and
question marks, quotation marks, brackets). The identified single sentences were then checked for
completeness using the library for natural language processing spaCy*. Sentences containing less
than two nouns and one verb were discarded as incomplete. The complete sentences proceeded to
the extraction of relevant sentences step. Relevant sentences identification was performed during
this step based on the reader-provided input, namely the presence of preselected “main terms”, and

“connection words”. First, main terms were used to reduce the number of sentences to those that



include any main terms (e.g., toxicity, acute, LC50, EC50). Then key phrases were extracted from

” package with the

this reduced set of sentences using the open-source python-based “pke
implemented graph-based keyphrase extraction model SingleRank®. Then the indicated sentences
(i.e.: those with the main terms used to extract the key phrases) whose key phrases contain the
main words, and the connection words were extracted as relevant sentences. The main terms
included words “toxicity”, “acute”, “LC50”, “EC50”. The following words served as the
connection words (as complete words or lemmas): “increase”, “decreas”, “relat”, “correlate”,
“structure”, “fragment”, “class”, “significant”, “high”, “affect”, “low”, “link”, “reason”,
“determin”, “predict”, “influence”, “severe”, “depend”. The text mining resulted in a list of

relevant sentences for every article!. A more detailed description of the text mining and knowmine

package can be found in chapter S2.
Analysis of results and article screening

The extracted set of the relevant sentences were then manually evaluated to identify useful
sentences'. The potential use of the extracted knowledge defines the usefulness of the sentence. In
this study, a sentence was considered useful if it contained information that could be used in hybrid
predictive modeling (i.e., the sentence refers to aspects influencing acute aquatic toxicity values).
The useful sentences were collected either as directly extracted knowledge or used to identify
articles and parts of the text for additional manual screening. The extra screening was needed if
the extracted sentence’s information was insufficient or required clarification for future use (i.e.,
hybrid modeling). The article screening was also performed to extract tables, figures, and
equations since it was not yet possible to retrieve all of them automatically in a readable format —
however, only articles identified by the analysis of the results as relevant (those that contained

relevant sentences) underwent the screening. The analysis of the extracted sentences and/or article



screening can be iterated based on altered input parameters (i.e., main terms and connection words,
extraction model) and addition of articles. The information retrieved in this step in the form of
useful sentences, models, figures, and tables was used for structuring knowledge via developing a

classification scheme in the next step'.

Knowledge collection

The information extracted from the articles published in 2000-2014 (225 articles) was used to
develop the initial classification scheme. The information extracted from the rest of the articles
(165 articles) was used to update the classification scheme and demonstrate a procedure to combine
the classification scheme with information acquired in the future. The mechanism for developing

and updating the classifications scheme is presented in Figure S3.

The update mechanism outlines a set of actions taken when the newly extracted information
competes or complements the previously classified information. The newly extracted information
is considered to compete with the previously classified if it provides the same type of information,
for instance, a QSAR for the same species and class of chemicals using the same molecular
descriptors as predictor variables. When this kind of information improves the results of the
previous studies (e.g., the QSAR model showed better performance and developed based on a
larger dataset), then the newly acquired knowledge replaces the previously collected one;
otherwise, it can be discarded or stored depending on the purpose of the classification. The new
information could also contradict the previously extracted one, for instance, when the QSAR
model descriptors are reported to have a positive correlation with the toxicity endpoint instead of
the negative as reported by the information analyzed earlier. In that case, the decision can be to

either replace the previously collected knowledge, not to replace it but store the new information



or completely discard it. The previously collected knowledge is replaced if the new information is
supported by sufficient evidence, e.g., extensive experimental work. Suppose there is insufficient
evidence supporting the new knowledge, but a new and sufficiently diverse argument is provided.
In that case, the new information is stored until the claim is supported by more evidence
(experiments, more studies). For instance, in the example mentioned before, where new knowledge
claims that the presence of a particular structural feature can increase the toxicity of a molecule,
which is against what had been previously reported. A new suggestion could be that this behavior
is better explained by considering a combination of structural features instead of depending only
on a single feature. In case of poor argumentation, the new information could be stored or discarded
based on user preferences regarding the size of the knowledge structure and the future use of this
structure. It is also possible that this step requires an in-depth metadata analysis by the user to
reveal the causes of potential discrepancies between the compiled facts to make a more informed
decision. If the new information complements the previously extracted information by providing
additional depth (e.g., QSAR for the same class of chemicals but based on a different set of
molecular descriptors or species), the new information is added to the previously collected
information. If the new information does not satisfy the criteria to be considered competing or

complementary knowledge, then the information is collected under a new classification category.

The knowledge classification scheme is generic, but in the present study, it fits the purpose of
identifying and understanding various types of knowledge existing in the aquatic toxicity field. It
should also be remembered that the useful sentences, and thus the article screening and the
knowledge collection, were set to contain information describing aspects influencing acute aquatic

toxicity value. This means that the obtained knowledge classification scheme may assist future



efforts in developing predictive models for the aquatic toxicity of chemicals, where previous

knowledge is combined with machine learning towards superior hybrid predictive models.
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Figure S3. Update mechanism for knowledge collection and classification

Knowledge extraction

Table S1 shows the results of the knowledge extraction procedure in quantitative terms. The
main advantage of the partly automated literature review was a significant reduction of text for
initial reading (>85%)'. The analysis of the results also led to the identification of three extra
articles (Ellison et al.(2008)’, Tan et al. (2010)%, Alves et al. (2016)°, Gini et al.(2019)!°), which

were used for an additional iteration.

The knowledge was classified into two main categories: quantitative and qualitative information.

Table S2 presents examples of the qualitative information. The extracted quantitative information

10




in the form of quantitative structure-activity (property) and structure-activity-activity relationships

(QSA(A)Rs) can be found in Tables S3-S7.

Table S1. Results of knowledge extraction in quantitative terms.

Text mining (based on 2000-2020 articles)

Number of sentences (excluding abstract, acknowledgments, and ~165
references) in articles, per article on average
Number of extracted sentences as relevant, per article on average ~20
Update mechanism (based on 2015-2020 articles)
Quantitative knowledge
Number of competing QSA(A)R models* -
Number of complementing QSA(A)R models* ~240
Number of new categories/subcategories ~15
Qualitative knowledge (Qualitative modeling)
Number of competing pieces of information
- Added ~20
- Discarded ~10
- Contradicting/ stored ~3
Number of complementing pieces of information ~380
Number of new categories/subcategories ~20

Collected knowledge (based on 2000-2020 articles)

Number of QSA(A)R models*:

11



Linear

Nonlinear

Interspecies correlation models

Number of different descriptors
Number of different species

Number of alerts

Number of key aspects/pattern/trends
Number of general statements
Number of different classes/subclasses
Number of Tables

Number of Figures

~430

~180

~50

more than 600
~50
~240
~650
~20
~40
~280
~40

*Number of QSA(A)R models for the same subclass

Table S2. Examples of molecular features reported to increase or decrease toxicity.

Toxicity increase

Toxicity decrease

Property Lipophilicity, hydrophobicity, electrophilicity LogPo/w < 2 and AE (LUMO-
increase!! 14 HOMO) > 9 eV

Structure Cyano, isothiocyanate, halogens (enhanced by Higher polarity substitution of a
activation (e. g., adjacent to an ester or other hydrophobic group?!
unsaturation)), amino group, nitro group, nitrile, ] )
disulfide, phosphoric acid derivatives, pyrazolyl Presgglce of nitrogen in sp2
group, formamide groups, ring aromaticity, State
sulfur, aromatic esters vinyl moiety, double and Simul £ Sulf
triple bonds, acrylate, carbamate groups'® imultancous presence of Suliur

p ’ ’ together with double bond??

Molecular bulk (size) increase!’18
Increase in unsaturation®®
N-N bond®

Position Additional (1 or more) aromatic rings with Branching at the o- or -

highly electronegative substituents close to each
other (5-7 A apart)?

carbon?628

12



Aromatic ring: Fluoro and ether functionality in

' ' benzenes?’
- Two hydroxyl and/or amino groups in ortho

and para orientation?*

- NO2 groups in ortho position to the -OH
group*®

Bulky substituents around positions 3 and 4 and
near the heteroatoms of the side chain®

13



Table S3. QSAR models for different chemical classes/subclasses.

Applicability
Domain

Models

Endpoint, species

Descriptors

Performance

Reference

Aliphatic compounds

Nonspecific aliphatic | L log (1/1GC50), logKow, -Elumo n=353, R%g; = 0.859 Schultz et al.(2002)%°
toxicity T. pyriformis
L -log(LC50), fathead | logP, n =106, R? = 0.832, Colombo et al.(2008)3*
minnow '(EHOMO'ELUMO), Vm/IXYZ chv =0.812
Halogenated aliphatic
Halogenated + L PTs, logP, n =63, r> = 0.846, Cronin et al.(2000)2¢
alkanones, alkanals, V fischeri -ELumo
and alkenals
Halogenated esters, L log(1/1GC50), logKow, n=18, R?=0.740, DeWeese&
alcohols, nitriles T.pyriformis -ELumo Schultz (2001)%
a- haloactivated L log(1/1GC50), -ELumo, Amax, ElipVol n=30, r? adj.=0.831, Schultz et al.(2002)*°
compounds T.pyriformis r? pred.=0.792
[RC(X)C(=O)R or
RC(X)C(#N)R]
Chlorinated alkanes L Fish P. reticulata logKow n=18, Zvinavashe et al.(2008)3?
log LC50, R?=0.883
correlation with in
vivo data
Compounds with carbonyl group
Compounds L log(1/1GC50), T. logKow, -ELumo n=35, r?adj.=0.873, Schultz et al.(2002)%°
containing a pyriformis r? pred.=0.838.
carboxylic acid
moiety [RC(=0)0]
Carboxylic acidsand | L -log(LC50), 3v,-°CIC, FNSA3PM3, n =28, R?=0.935, Colombo et al.(2008)3*
their derivatives fathead minnow minEstate(C), logD6.5 R2cv=0.906
Carboxylic acids L(11) | pIGC50, electrophilicity index (o, ®?, ®®), logP, logP? | n=28 Jana et al. (2020)%
T.pyriformis R?=0.750-0.937
Simple aldehydes L log(1/1GC50) log Kow, -ELuwmo (not significant) n=17, r>=0.898 Schultz et al. (2002)%°
T. pyriformis
Aliphatic and L -logLC50, fathead Best model: n=50, Smiesko&Benfenati

aromatic aldehydes

minnow

ClogP, -FNSA-3 fractional PNSA (PNSA-
3/TMSA) [Zefirov’s PC], -HA dependent
HDCA-1 [Gaussian NBO PC], AQco NBO

R?=0.868, R%cv=0.840

(2004)%

14




Aliphatic and L pLC50, MlogP2, BO8[C-C], Ny=39, Khan et al.(2019)%*
aromatic aldehydes mix of fishes B02[C-C], -BO5[C-C], Neest= 13,
Fr5(elm)/C_C C_H_0O/1_2s,2 3a, 3 5s, R?=0.840,
4_5s/, FO4[ 0-0] R2,¢¢=0.860
CCC=0.920
Aliphatic and L log1/LC50, DRAGON descriptors Ny=24, Nest=06, Papa et al.(2005)3%
aromatic esters Pimephales MATS4v, -REIG RZ%,4=0.823,
Promelas Q%00 =0.785
QZEXT:0.715
log1/EC50 Daphnia | -TICO, -nCp, n=CH2 Ne=24, Niest=5,
R2,;;=0.860,
QzLoo =0.831
QZEXT:0.790
logl/EC50 in algae | DISPp, H8u Nobj=11, RZ%j=0.949,
QzLoo =0.923
Ne=31, Ntest=30,
Rzadj:0.898,
ESter Aquatic Toxicity INdex (ESATIN): Q%00 =0.873
-SHP2, n=CH2, DISPp Q%x7=0.866
Esters L pLC50, P. promelas | VP-2, maxHdsCH n=30, R?=0.88, Gramatica et al.(2014)%"
CCCest=0.95
Esters L pEC50, D.magna VP-2, - nsCH3, minHdCH2 n=29, R?=0.86, Gramatica et al.(2014)%
CCCest=0.87
Monoesters L(11) | pIGC50, electrophilicity index (o, »?, ®°), logP, logP?> | n=31 Jana et al(2020) 33
T.pyriformis, R?=0.756-0.933
Diesters L(11) | pIGC50, electrophilicity index (o, ®?, ®®), logP, logP? | n=20 Jana et al(2020) 32
T.pyriformis, R?=0.739-0.912
Ketones L(11) | pIGC50, electrophilicity index (o, ®?, ®®), logP, logP? | n=15 Jana et al(2020) 32
T.pyriformis, R?=0.779-0.975
Compounds with hydroxy! group
Long chain alcohols L Log EC50, -logKow R?=0.981 Fisk et al. (2009)%®
C6-22 D.magna
Linear alcohols C2-12 | L log(LC50), -logKow R? =0.954-0.990 Belanger et al.(2018)*°
zebrafish Danio
rerio and fathead
minnow (juvenile
and embryo)
Saturated alcohols L(11) | pIGC5O, electrophilicity index (0, ®?, ©%), logP, logP?> | n=32 Jana et al(2020) *
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T.pyriformis, R?=0.715-0.983
Amino alcohols L log(1/1GC50) -Eromo, 3P, n=16, r?adj.= 0.841, Schultz et al.(2002)*
T. pyriformis -logH (Henry’s law constant) r’pred.=0.788
Amino alcohols L(11) | pIGC50, electrophilicity index (o, w?, ®%), logP, logP?> | n=18 Jana et al. (2020)%
T.pyriformis, R?=0.387-0.879
Compounds with amino group
Amines [RCN] L log(1/1GC50) logKow n=30, radj.=0.873, Schultz et al.(2002)*
T. pyriformis r’pred.=0.848.
Amines L pLC50, -BLTD48, ALogP2, FO3[ C-S], Ny=69, Khan et al.(2019)%
mix of fishes S A(chg)/A_ C _C DJ/1 2s,1 4s, 3 4s/6, Niest= 23,
Fr5(d_a)/A_A_A_l_I/1_4s, 2_5s,3 5d, R2=0.800, R2y¢s=0.820
4 5s/, -S_A(rep) CCC=0.890
/B C C C/1 3s,1 4sl4,
Amides L pLC50, X1 sol, BO7[ C-N], FO2[ C-S], -F03[ C-S], Ne= 24, Nest=8, Khan et al.(2019)%®
mix of fishes H-047 R?=0.940, R%yre4=0.950
CCC=0.970
Unsaturated compounds/Compounds with double and triple bonds
a-unsaturated (triple L log(1/1GC50), T. log Kow, Elumo, 3¢ n=20, r?adj.=0.842, Schultz et al.(2002)*°
bond) alcohols (i.e., pyriformis r’pred.=0.803
proelectrophiles)
Vinylene-containing- | L log(1/1GC50), T. logKow, AC, n=15, r?adj.=0.823, Schultz et al. (2005)°
a,f unsaturated esters pyriformis r’pred.=0.885
Ethynylene- L log(1/1GC50) logKow n=10, r?adj=0.932, Schultz et al. (2005)°
containing o, T. pyriformis r’pred=0.919
unsaturated esters
o,B-Unsaturated L log(1/1GC50), log (1/RC50) (reactivity) n=41, r>=0.846 Yarbrough
Carbonyls T. pyriformis &Schultz(2007)%
a,B-Unsaturated L log EC50 -logKow, -logkGSH n=57, R?=0.85 Bohme et al (2016)*
Carbonyls T. pyriformis
Nitriles L log(1/EC50), logKow, n=9, R?=0:92; Q% =0.51 | Huang et al.(2007)*?
P. subcapitata -ELumo
Compounds with a L -log(LC50), logD7.4, -maxEen(C—H), Qmax, n=22, R?=0.972, Colombo et al.(2008)3*
triple bond, and fathead minnow -minEexc(C-H), -°BIC R2cv=0.954
specifically, propargyl
alcohols and nitriles
Propargylic alcohols | L log(1/EC50), Primary: logKow n=15, r>=0.76,Q%2 =0.69 | Chen et al.(2012)*3

P. subcapitata

Tertiary: logKow
Secondary: logKow, -ELUMO

n=8, r’=0.97, Q?=0.94
n=7, r’=0.85
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Unsaturated alcohols | L(11) | pIGC50, electrophilicity index (o, ®?, %), logP, logP? | n=25 Jana et al.(2020)3
T.pyriformis, R?=0.296-0.890
Vinyl/Allyl/Propargyl | L pLC50, X0 sol, S_A(lip)/B_B_C_C/2_4s,3_4s/4, Ng=56, Niest=15, Khan et al.(2019)%
moiety containing mix of fishes 0-057, R?=0.740, R%req=0.790
chemicals Fr5(en)/B_B _C _C D/1 4s,2 4s,3 4s,3 5s/, | CCC=0.860
nOHt, BO3[ N-CI], BO4[ N-O]
a,B-unsaturated L log(1/1GC50) logKow, -ELumo, -(QC4 + QC3) n=14, r?adj=0.966, Schultz et al. (2005)*°
aldehydes T. pyriformis r’pred=0.934
a,B-unsaturated L log(1/1GC50) -(QC4 + QC3), -ELumo n=16, r?adj=0.917, Schultz et al. (2005)°
ketones T. pyriformis r’(pred)=0.860
Alkenes and poly- L -log(LC50), ZX, maxEc(C-H), minEtot(C-C), n=50, R?=0.896, Colombo et al. (2008)%!
alkenes with fathead minnow -maxNC, maxEstate(C) R2cv=0.872
isolated double bonds,
acrylates, saturated
and o,B-unsaturated
aldehydes and
ketones.
Aromatic compounds
L log(1/1GC50), logKow, Amax n=385, r?adj=0.859 Schultz et al. (2003)*
T. pyriformis
L 1/EC50, C.vulgaris | logKow, -ELUMO, Amax, %" n=65, r’=0.86, q°=0.84, | Netzeva et al. (2004)*
NL Algae Scenedesmus | 1/exp(logKow) r=0.999-0.897 Marzio&Saenz(2006)6
quadricauda,
Daphnia spinulata,
Bryconamericus
iheringii, EC/LC50
L log(1/1GC50), topological index/heavy atoms, logKow, net n=200, r>=0.756, Laszlo&Beteringhe
T. pyriformis charge of C atoms, surface charge/surface r’cv=0.739 (2006)*"
area,mass of fragments, Bonds number/energy
L log(1/1GC50), -contain Y-H (Y=0, N) bonds "able to form H | n=87, r>=0.796, Laszlo&Beteringhe
T. pyriformis bonds": r’cv=0.761 (2006)*

N or arom bonds/N bonds, moment of inertia,
logKow, mass of fragments, reaction index

-without Y-H bonds “unable to form H
bonds":

net charge of C atoms,Cl atoms, Beteringhe
descriptor, Lumo-Humo gap/ mol volume,
Bonds number/energy

n=113, r?=0.895,
r’cv=0.882
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L, -log(1GC50), TPSA(NO), log P, ME2 n=288, Lei et al.(2008)*
T. pyriformis R?j=0.851,
RZCV:0.846
NL R%;=0.909, R%¢+=0.927
NL log(1/1GC50), HOMO, LUMO energy, AE, the total | n=81, R?>=0.84 Su et al. (2017)*°
(SVM) | T. pyriformis molecular energy (ETot), the minimum
(QNmax) and the maximum (QPmax) atomic
partial charge, dipole moment
(w),polarizability (o); Heat of formation (HF),
molecular surface area (MSA), molecular
volume (MVol), logP, hydration energy (HE),
molecular refractivity (MR), MW, Kier and
Hall simple and valence-corrected molecular
connectivity indices (x); Kappa shape indices
(x); shape flexibility (®); Wiener, Randic and
Balaban topological indices; E-state indice (S);
the number of H-bond donors (NHdon) and
acceptors (NHacc); atom counts (oxygen,
nitrogen, fluorine, chlorine, bromine, iodine,
halogen atoms, heteroatoms); group counts
(hydroxyl, amino, aldehyde, nitro, cyano, acid
anhydride, methyl) (Table 4)
L -logEC50, E, Enomo, -ELumo, -qH+, g-, Cyo, So, Vi, n=20, R?=0.95 nes=5, | Yang&Wang (2017)°
(MLR, | C. vulgaris R2 MR test=0.5689
PCA) R2 PCR test:0.678
Substituted benzene & derivatives
L,NL | -logLC50, Best LR: topostructural indices (%, Pg, I1C), LR: Explained variance | Basak et al.(2000)
(NN) fathead minnow topochemical index (5"), geometrical index R?=86.1%
(®®Wy), quantum chemical descriptors (AHj, NN: R? =0.868
H.
NN: 95 parameters
L log(1/1GC50), Optimization of Correlation Weights of Local | n =157, r’>=0.883 Toropov&
T. pyriformis Graph Invariants Shultz (2003)%2
L logLC50, Optimization of correlation weights of n=44, r>=0.89, Toropov&
fathead minnow Morgan extended connectivity r’tr=0.90 Toropova(2002)
L pC, fish guppy ETA parameters: Yo, [’ Jc1, -[n°F In-uns, n=92, Q%=0.865, Roy&Gosh(2004)%

-0’k Inoz-o-cL, -[N’F Jogt, [M°F JoH, [N’F Jc-spa-no2

R.?=0.876, R?=0.885,
R=0.941
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L -log(1/LC50), Spectral moments uPs, wypat, -pPisy n=50, R?=0.888 Gonzalez et al.(2005)%
fathead minnow
DRAGON descriptors: nX, SCBO,-Me n=50, R? =0.8095
Q%=0.7692
L log(1/1GC50), Atom-based non-stochastic linear indices n=307, R?=0.791, Castillo-Garit et al.
T. pyriformis Atom-based stochastic linear indices RZpred =0.762 (2008)%8
n=308, R? = 0.799,
R%preq=0.797
L,NL | pC, P.reticulata nCl, -FPSA3, TMSA, HASA2/TMSA, n=92(74+18) Gong et al. (2008)%
(RBFN | (fish) SIGMA-PIMax BO L:
Ns) R?y=0.835,R?s=0.867
NL:
thr:O.893,R2test:O.876
Substituents L -log(LC50), logP,EC(tot)/#atoms, WPSA3PM3, min Vc, n=108, R?=0.855, Colombo et al.(2008)3
do not have multiple fathead minnow Hacc R2cv=0.831
bonds involving
carbon atoms
Benzenes substituted | L -log(LC50), o, maxVo, RNCGpws, -lg n=39; R?=0.862, Colombo et al.(2008)3
by conjugated fathead minnow R2cv =0.825
alkenes, acids and
their derivatives
L -log(1/EC50), count of H-acceptor sites [Zefirov’s PC], -N n=130, R? =0.759, Katritzky et al.(2009)%"
D.magna of aromatic bonds, -Balaban index, logP, -HA | R%, =0.728
dependent HDCA-2/TMSA [Semi-MO PC]
NL multiple species SHdsCH, lipoaffinity index, TopoPSA, T. pyriformis, n=392, Gupta et al.(2015)%®
(DTB, | (T. pyriformis, MW, nAtomP, ALogP2, CrippenLogP, SVM L-QSTR: R%yin
SVM) | P. promelas, XLogP =0.897, R%¢x=0.896;
P. reticulata, and DTB L-QSTR: R?ain
R. japonica), =0.978, R?%s=0.951;
All species:
G-QSTR models
SVM-QSTR R%in
=0.791, R%s=0.846;
DTB-QSTR R?ain
=0.965, R%e5=0.946;
L pIGC50, Descriptors of Correlation Weights calculated | R? = 0.8179-0.8682, Toropova et al. (2016)>°
Monte | T.pyriformis with molecular features extracted from the n=286-299
Carlo SMILES
based
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L log(1/1GC50), Descriptors from atom weighted vectors n=392, R?=0.837 Martinez-Lopez et al.
(MLR | T. pyriformis (2017)%°
+GA)
Benzonitriles L -log(LC50), fathead | ¢, Qmin, FNSA3pm3 n=10; R?=0.994, Colombo et al.(2008)3!
minnow R?.,=0.984;
(Benzo)triazoles L pEC50, D.magna -TPSA(NO), Aeigm, nCar, nHDon, H-052 Ntr=97, Cassani et al.(2013)%*
(Dragon descriptors); R2=0.77, CCCex=
0.85-0.89
-TopoPSA, WPATH, C2SP2, - maxHaaCH, - | R?=0.73, CCCex=
nTI9Ring (PaDEL-Descriptors) 0.85-0.89
pLC50, O.mykiss
CIC!, Mp, H-052, -TPSA(tot) (Dragon Ntr=75, R?=0.79,
descriptors); CCCex=0.92
VP-1, -SHBInt2, - maxHaaCH (PaDEL- R?=0.76, CCCex= 0.82
Descriptors)
Triazoles and L pEC50, -TopoPSA, WPATH1, C2SP2, -maxHaaCH2, | n=97, R?=0.73, Gramatica et al.(2014)%
benzotriazoles D. magna -nT9Ring CCCirest=0.85-0.89
pLC50, VP-1, nHBAcc, — minHBd, n=75, R?=0.76,
O. mykiss CCCrest=0.86-0.88
pECS50, SwHBa, WPOL, MDEN-22 n=35, R?=0.82,
P.subcapitata, CCCrest=0.88-0.89
Compounds with C=0 group
Benzoic acids & L log(1/EC50), logKow, (Now)* n =20, r? = 0.965, Lee&Chen(2009)%?
derivatives P. subcapitata Q?=0.955
(microalgae),
Substituted benzoic L(11) | log(1/EC50) logP, S, Inoz, logFo R?=0.73-0.88 Qin et al.(2010)%3
acids Different species negative effect logFo for D.magna and carp,
no effect or + for V. fischeri.
Aromatic aldehydes L log(1/1GC50), log Kow and Amax n =25, R?=0.916, Netzeva&
T. pyriformis -separetly 2-and or 4-hydroxylated aldehydes | R%cy-=0.896; Shultz (2005)%*
-other aldehydes (similar to general benzene n=52, R?=0.864,
model) R2cv=0.844;
Aromatic aldehydes L -log(LC50), logD7.4, min Etot(C-H), n=44; R?=0.870, Colombo et al. (2008)3!
and ketones fathead minnow -minVH, WNSA1Zefirov’s PC, -maxRc R%,,=0.824
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Aromatic aldehydes L pIGC50, Best ETA model: [n’ Fls, [0’ FICL 3B, Ya, Q%= 0.709, Q%x= Roy&Das(2010)%
T. pyriformis [ N°Flnoz, Ye/N 0.744
Aromatic aldehydes L, NL | log(1/1GC50), log Kow, -x* A, Ip Ny= 62, R%g; =0.891 Louis & Agrawal
(ANN) | T. pyriformis Ip is 1 if it is 2- and/or 4-hydroxylated Next=15, Rexi> =0.877 (2011)%6
aldehyde, otherwise 0
ANN: R?=0.906,
Rextz :0902
Aliphatic and L -logLC50, fathead ClogP, -FSNA(Zefirov PC), n=50, R = 0.868, Smiesko&Benfenati
aromatic aldehydes minnow -HA dependent HDCA-1, AQco NBO R%cv=0.840 (2004)%
Aliphatic and L pLC50, MlogP2, BOS[C-C], Ny=39, Khan et al.(2019)%*
aromatic aldehydes mix of fishes B02[C-C], -BO5[C-C], Nest= 13,
Fr5(elm)/C_C C H_0O/1 _2s,2 3a, 3_5s, R?=0.840,
4_53/, F04[ O'O] Rzpred:O.860
CCC=0.920
Aliphatic and L log1/LC50, DRAGON descriptors Nyr=24, Nest=0, Papa et al.(2005)%
aromatic esters Pimephales MAST4v, -REIG RZ%,4=0.823,
Promelas Q%00 =0.785
QZEXT:0.715
log1/EC50 Daphnia | -TICO, -nCp, n=CH2 Ny=24, Nest=5,
Rzadj:0.860,
Q2|_oo =0.831
QZEXT:0.790
logl/EC50 in algae | DISPp, H8u Nobj=11, RZ%j=0.949,
Q2|_oo =0.923
Ny=31, Neest=30,
ESter Aquatic Toxicity INdex (ESATIN): RZ%,4;=0.898,
-SHP2, n=CH2, DISPp Q%00 =0.873
QZEXT=O.866
Nitrobenzene and aniline derivatives
Nitrobenzenes L pC, T. pyriformis AlogP98, [n’Flnoz, -[n” Flcrs, [N’ Flm n=42, Q2=0.892, Roy&Ghosh(2004)%”
R%=0.911
Nitroaromatics L -IlgeC50, algae S. mononitro derivatives: logKow; n=18, R=0.9044 Yan et al (2005)%8
obliguus All: — ELumo, Qo2 (the charge of the nitro n=22, R=0.926
group)
Substituted L logLC50 daphnia: -*yp, %xpc, ~*%Vec n=18; r=0.856, Lin et al.(2009)%
nitrobenzene and daphnia,carp, Q=0.757;

aniline compounds

Carp: ~"xp, *xVpc
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n=16; r=0.898,
Q=0.785

Nitrobenzenes L log(1/1GC50), o (Parr’s electrophilicity index), Elumo, logP | n=50, RZ%,4=0.87. Bellifa &

T. pyriformis Mekelleche(2016)™
Chlorinated anilines L(3) log EC50 P. logKow n=4, R?=0.932-0.998 Dom et al. (2010)™

subcapitata,

D. magna,

log LC50

D. rerio
Anilines L pLC50, mixture of ALogP2, MLOGP2, - T(N. .F), Ne= 70, Neest= 23, Khan et al.(2019)%

fishes (Brachdanio | S_A(att))E_E _E F/1_4s,2 3a/3, -H-051, R?=0.700, R?%yeq=0.670

rerio, Pimephales Fr5(lip)/B_B_B _C _C/1 _2s,2 4a, 3 5a, 4 5al,

promelas, Cyprinus | FO2[ C-N], FO7[ O-O]

carpio, Oryzias

latipes, Poecilia

reticulata, Lepomis

macrochirus, and

Oncorhyncus

myKiss)

Phenols and phenol derivatives

Phenol derivatives L LC50, R.japonica logKow, -Elumo, HOF(heat of formation), *x* | n=31, r>=0.85 Wang et al. (2001)"2

(tadpole) (first order simple molecule connectivity

index)
Phenols, MOA NL MOA, pKa, -pKa2, logKow, -logD, logD2, - Accuracy 71-92% Ren(2003)"
classification discrimi Tetrahymena ELUMO, -ELUMO?2
nant functions pyriformis
Substituted phenols L -logLC50 ClogP, -AH298gas n=53, R?=0.853, Smiesko&Benfenati
(no other known Pimephales, R%cv=0.834 (2005)™
reactive functional Tetrahymena
groups (e.g. carboxyl n=45, R?=0.864,
acids, aldehydes)) R%v=0.833
Phenols L, pT48, D. tertiolecta | MLR consensus model of 3: Mor24m+Cormno, | N=24, MLR consensus: | Ertlrk et al.(2012)™
NL(CP Mor24p+HATS7e, Q%e=0.94
ANN) Morl18u+ Corino -k1max? ANN: Q%¢+=0.93
ANN model: Cortho, Mor24p, Mor18u, kymax?

Phenol derivatives L log(1/1GC50), MWCO02, -MWC09, MWC10, -piPC02, n=240, R?=0.74 Dieguez-Santana et al.

Tetrahymena
pyriformis

piPCO03, -piPCO8, -TPC, X3A, -nCconj, nR =
Cs, -nRCN, -nCXr, -0-059, -BLTD48

(2016)7
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Phenols NL Tetrahymena Descriptors in Table 9 n=163, R% = 0.91, Abbasitabar & Zare-
(GA+ | pyriformis (MLR models at the leaves of the tree R2pred=0.93, 4?=0.89 Shahabadi(2017)"
CART constructed using the GA-CART algorithm)
tree)
+MLR
Substituted phenols L(4) pT, C.vulgaris pT; ATS2m, Ny=35, Np=11, Tugcu et al.(2017)7®
pT: Mor09m, TDBO4e, R%=0.67, R%=0.79 (2)
pT: logP, -Hardness, Hardness is calculated as | R%=0.79, R%,=0.80 (3)
half of the ELUMO- EHOMOgap. R%=0.61, R%=0.79(4).
pT: logD, nHBonds, Tm, R%,=0.86, R%,=0.94.
©)
Phenols L pLC50, mixture of | -BLTA96, nCrs, -Fr5(lip)/B_C C C _C/1_3a, | ng=107, Nwes=36, Khan et al.(2019)%*
fishes 2_3s,3_5a, 4_5a/, NnArNO2, N-069, R?=0.760, R%eq=0.900
nArCHO
Phenol and aniline derivatives
Phenols and anilines L(4) Several endpoints, N=48, Nes=12 Tugcu &Sagan(2018)"
derivatives C.vulgaris PNOEC: SM04_EA(bo), E1m, R2=0.634, , R%«=0.756
pNOEC: pIC50, R?=0.914, R?%¢«=0.958
plC20: T_Grav3, Mor09m, R?=0.653, R%s=0.849
plC20: pIC50 R?=0.979, R%«=0.991
Substituted phenols L Several endpoints Uniform norm indexes IC50: n=67, R%=0.885, | Yan et al.(2019)%°
and anilines C.vulgaris R%s=0.955
IC20: n=67, R%
:0.857, thest =0.946
LOEC: n=67, R%,
:0836, thest =0.872
NOEC: n=60, R%
=0.856, R%est =0.859
Phenol and aniline L (4) Several endpoints, plC20: X2sol, BO1[C-CIl], BO3[N-O] Ny=54, R%=0.625, Seth &Roy(2020)*8

derivatives

algae C. vulgaris

pIC50: €2, -SaaCH, -T(CI..Cl), MLOGP

pLOEC: X2sol, BO1[C-CI], BO3[N-O]

Neest=13, Q%1-72=0.784-
0.783

ntrain:52, Rzadj:0.681,
Neest=15, Q%1-72=0.699-
0.696

ntr:54, Rzad]=0629,
Neest=13, Q%r1-72=0.753-
0.752
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PNOEC: Za/Nv, &1, n/Nv, -FO3[O-CL],
-Fo4[CI-ClI],

Nny=45, Rzadj:O.686,
Niest=15, Q%r1-,2=0.724-
0.724

Aniline (n=28) and L pEC50, Tchebichef image moments Ny=45, Niest=13, Muhire et al(2020)8!
phenol (n=30) P. subcapitata, Q%>0.79, R%:>0.75
derivatives V. fischeri
Aliphatic Cyclic/Polyaromatic
Polyaromatic L -log(LC50), fathead | -(eHOMO-eLUMO), logP, W(size) n=37, R?=0.887, Colombo et al.(2008)3"
compounds minnow R2cv=0.829
Compounds L -log(LC50), fathead | logP, XY, relative N of rings, -polarity n=116, R?=0.809, Colombo et al.(2008)3"
containing at least one minnow parameter (the difference of the maximum and | R%cv=0.790
aliphatic ring minimum atomic partial charge divided by the
square of the distance between these two
atoms ((qmax ~qmin)/r?)
Cyclic +polyaromatic | L -log(LC50), fathead | logP, relative N of rings,XY n=153, R?=0.830, Colombo et al.(2008)3
compounds minnow R2cv=0.819
Substituted arenes L -lgEC50, D, logKow, n=30, R?=0.881(0.774) | Feng et al.(2018)%
(halogenated photoluminescent D, logKow, (D-connectivity index, based on n=20, R?=0.939(0.903)
aromatics) bacterium Randic's branching degree index (my))
-IgLC50, fathead
minnow
Other
Aromatic compounds | NL(6) | log(1/IGC50), logKow, Amax n=203, R?=0.0.73-0.80 | Ren(2003)
containing a nitro or T.pyriformis, R?pred=0.61-0.74
cyano group
Quaternary ammonium compounds
L log(1/EC50), CL, ozz (polarizability tensor),- g+H (the n=11, R =0.975 Zhu et al. (2010)%
C. vulgaris most positive net atomic charges on a
hydrogen atom), S°(entropy), MW, Qxx
(values of quadrupole moment tensors in the
x-coordinates), Eth (internal energy),
ZPVE(zero-point vibrational energy), -
V(molecular volume), logKow, C°V
L -log(1/EC50), -chain lengths (CL), n=13, R=0.877 Jing et al.(2012)%
C. pyrenoidosa -total connectivity (TCon) n=12, R=0.949

S. quadricauda
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Table S4. Application-based QSAR models

tree forest)
DTB
(decision
tree boost))

capricornutum to
build the model,
external validation
on other species
(n=116), 33
pesticides in P.
subcapitata, 12 in

CCC validation: 0.833-
0.921, global
multispecies data
n=253, R?=0.890,
R2t95t=0.841

Applicability Models Endpoint, species Descriptors Performance Reference
Domain
Pesticides
NL (GA/ LC50, rainbow logP, 3xVs, BETA polarizability, HOMO- n=274, R?=0.79 Mazzatorta et
CPANN) trout LUMO gap, HACA-2, HA dependent HDSA- al.(2005)%
1, FHBCA fractional HBSA
Aromatic L log (1/LC50), CODE_MID (areas of the Van der Waals n=96, R2 =0.70 Slavov et al.(2008)%
pesticides rainbow trout surface), MW, Heat of formation
L log (1/LC50), Combinations of topological parameters of n=220, R?=0.78, Neest Toropov&Benfenati
Daphnia magna molecular structures =42, R%«=0.74 (2006)%"
L LC50, several Topological structural indices: Wang et al.(2010)
(GA+ aquatic organism Slightly toxic vs highly toxic: MW, SddssS, - | n=392, Q.,=71.4,
LDA groups SHBd, Snitro, -Scarbony, SsSH, Qex=66.3
classificati
on) Slightly toxic vs very highly toxic: MW, n=389, Qu=79.1,
Xvp4, -kal, -Xvp7, Snitroso, SddssS, SsSH, - | Qe=79.8
SsBr, SdssS
Nontoxic vs highly toxic: MW, -suml, - n=573, Qu=79.7,
SssssNp, - SHCsats, - SHBint7, SddssS, - Qex=80.6
SHBInt8, Hsulfuricacid
Toxic vs very highly toxic: MW, Xvpc4, n=423, Qu,=72.7,
suml, SsSCH3, SsOm, SHCsats Qex=76.7
Organothiophosp | L EC50, D.magna -log Kow, -Elumo(-Ehomo), n=10, R?=0.80-0.82, Zvinavashe et
hate pesticides LC50, C.carpio R%« = 0.61-0.71 al.(2009)®°
NL, DTF -logeC50 (pEC50), | six different descriptors (TPSA, dchi4, dchi0, | DTF: Basant et al.(2015)%°
(decision algae S. GATSmS8, Aweight, WPSA1) n =116, R%=0.895, Q,
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S. subspicatus, 19
in A. flos-aquae,
21inN.

pelliculosa, 17 in S.

costatum, and 35 in
L. gibba.

DTB: R*=0.977, Q,
CCC validation: 0.925-
0.958, global:
R?=0.921, R%es=0.9

NL(6 ML Fish rainbow trout | Molecular fingerprints: Extended fingerprint | RT: n=829, Li et al.(2017)%6
algorithms, | (RT) and bluegill (Ext), Estate fingerprint (Est), MACCS Best local Maccs ANN
global and | sunfish (LP, L. fingerprint (Maccs), PubChem fingerprint (accuracy=0.90)
local macrochirus) for (Pub), Substructure fingerprint (Sub) LP: n=151,
models) local model Graphonly fingerprint (Graph), AP2D Maccs_SVM
Global models: 2 | fingerprint (AP2D) and Klekota-Roth (accuracy=0.90)
species fish +other | fingerprint (KR). Global: n=1258, Best:
fish species Graph_SVM
(accuracy=0.89)
EC50, D.magna, Molecular descriptors and fingerprints n=639, He et al.(2019)*
NL(classifi best model Ext-SVM
cation, (Extended fingerprint -
various support vector
ML machine)
models) thgh:0-807,Qmoderate:0-
806, Qiow=0.755,
QtotaI:O-794),
test set verification:
thgh:0.865,
Qmoderate:O-783y
Qiow=0.931,
Qtota|=0.848
L log(EC50), algae - PubchemFP645 ( O=C-N-C-C), - MATS4e, n=28, R?=0.82 Galimberti et
- PubchemFP346 ( C (~C) (~H) (~0)) al.(2020)%
log(EC50),
D..magna BCUTp-1h, - PubchemFP12(number of C n=29, R?=0.75
atoms equal to or greater than 16).), - MICO,
log(EC50), aquatic | BCUTc1l, - maxwHBa n=13, R?=0.94
plants
PubchemFP613 (C-N-C-C-C), - minaaCH, -
SpMax5 Bhi, n=12, R?=0.96
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log(EC50), fish
Pimephales
promelas,

log(EC50), fish
0. mykiss,

GATS6e, SRWS5, - PubchemFP179( at least
one or more saturated or aromatic carbon-only
ring of size 6)

n=12, R?=0.96

L pLC50, rainbow Norm descriptors, MW n=311, R?=0.8053, Jiaet al. (2020)%
trout (O.mykiss) Q%.00=0.7606
Biocides L, NL EC50, D.magna, Linear regression; - piPC04, WiA_Dz(p), linear regression Marzo et al.(2020)%
SpMax_B(p), - ATSC7m, ATSCSs, (r24=0.83, r?zi¢=0.75)
P_VSA p_3,-P_VSA ppp_D,
Eig03_AEA(dm), C-005, - CATS2D 03 DA,
- CATS2D 06 DA, - CATS2D 09 AA, -
CATS2D 02 AN, - CATS2D 05 NL,
CATS2D 06 NL, T(N..N), -BO1[N-N], Random forest (best,
BO2[N-S], BO5[N-S], BO09[C-C], -FO5[C-N], | r2=0.97, r?ais=0.89,
-FO5[N-S], VE1_D (Table 2) Monte Carlo (CORAL)
( rztr:0-74, rzvalid:0-75),
Random forest descriptors: BO1[C-S], n=133
B02[C-S], BO9[N-O], FO2[N-N], FO5[C-N],
FO9[C-F], J_D/Dt, C-026, SpMax3_Bh(v),
SpMax5_Bh(s), CATS2D_06_DA,
CATS2D_04_AA, CATS2D_04 DA,
CATS2D_05_DA, SpMax_EA(dm),
nRCOOH, nROH, P_VSA_ppp_D,
P_VSA ppp_N, P_VSA v_3, DBI
Table 3
L pLC50, rainbow Monte Carlo method, model is improved by n=311, R?=0.81-0.86 Toropov et al.(2020)%
trout the index of ideality of correlation
L log1/EC50, Inert compounds(Baselines): logKow n=25, R?=0.90 Wang et al.(2020)%
D.magna Pesticides: logKow n=57, R?=0.35
Herbicides: logKow, n=9, R?=0.88
Fungicides: logKow, n=8, R?=0.61
Insecticides: logKow, n=40, R?=0.28
Baselines +Herbicides: logKow, F+ n=34, R?=0.92
Baselines+Fungisides: logKow,Hf , PSA n=33, R?=0.82
Baselines+insecticides: logKow,-S,V,B,CV n=65, R?=0.80
L pLC50, Sheepshead | Insecticides: GATS3e, - AATSC8v, MDEC, - | ny=81, Ns=26, Yang et al. (2020)%
minnow n6HeteroRing, CrippenLogP, ns, R?=0.817

- mmUBInt3
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Herbicides:, - ndssC, - AATSC7m,
ETA_Beta_ns_d, CrippenLogP, MDEN,
AATSC3c, VPC-6

Fungicide: XLogP, AATS1m, - maxHCsats,
VE2_D, JG17, - VE3_Dzs

Pesticides: ETA.dBeta, - nHBAcc, MATS2e,
CrippenLogP, - ndO, AlLogpz, VP-z,
MDEO —12

Ny=80, Neest=27,
R?=0.772

Ny=58, Nest=20,
R2=0.813

Ny=235, Nest=78,
R?=0.696

L pLC50, Herbicides: CrippenLogP, - maxHBint2, - Ne=77, Niest=25, Yang et al.(2020)%
Americamysis MDEC - 13, MATS6e, - ETA_ Shape_X, R?=0.821
bahia VC-3
Insecticides: -nssCH2, - n6HeteroRing, -
minHBInt2, ATSC6e, CrippenLogP , - Ny=12, Niest=24,
47J43VE2_DzZ, KE1 Dt. R?=0.800
Fungicides: -ZMIC4, - BCUTw — 1h,
47J43VE2_DzZ, KE1 Dt.C1, Nu=44, Nest=15,
-minHBInt2, SpMaxI_Bhp R?=0.838
Agrochemicals: XLogP,-ATS3e, -BCUTp —
11, VP -2, MDEO -22, SCH - 6, Ne=217, Nest=72,
-maxHBint2, - nHeteroRing R?=0.688,
Pharmaceuticals
L log(1/EC50), - logDow, -AE (EHOMO-ELUMO gap) Kim et al. (2007)%
V. fishery,
D. magna logDow
NL (DTB, | pLC50, daphnia, 7 descriptors for classification, and 9 for Classification DTB and | Singh et al. (2015)®
DTF) algae, and fish. regression: DTF Accuracy training

-Logs aqueous solubility

-chiOC Carbon connectivity index order 0
-SP-4 Chi simple path descriptor of order 4
-VP-0 Chi valence path descriptor of order 0
-VP-5 Chi valence path descriptor of order 5
-VPC-4 Chi valence path cluster descriptor of
order 4

99.22% n =129, test
DTB 96.55% , DTF
89.66%

External validation on
algae (n=64) and fish
(n=130): 84.38%,
85.94% accuracy of
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-MDEC-23 Molecular distance edge between
all secondary and tertiary carbon

-MDEO-11 Molecular distance edge between
all primary oxygen

-ATSm2 The Moreau—Broto autocorrelation
descriptor weighted by scaled atomic mass
-RPCS Relative positive charge surface area
-MOMI-X Moment of inertia along X axis
-XLogP Logarithmic form of octanol water
partition coefficient based on the atom-type
method

-nRotB Number of rotatable bonds

-nAP Number of atom in largest pi system
-nAA Number of aromatic atoms

classification in algae
and 78.46% and
79.23% classification
accuracy in fish
Regression DTB
training R? = 0.865,
test R?=0.797,

DTF training R% =
0.895, test R?=0.720
Validation : R2 of
0.534, 0.556 (algae),
0.620.637 (fish)

L PEC50 (72h), - minHother, -VCH-6, piPC6, - VE3 Dt, n=45, R?=0.78 Sangion&Gramatica
P. subcapitata (2016)!
CrippenLogKow, -minHBint2, —SpMAD n=125,R?=0.75
pEC50(48h), Dzs, ~AATSC4i, C2SP3
D.magna
pLC50(96h), O. ZMIC2, -maxHBint2, —HybRatio, AATSCOv | n=55, R?=0.78
mykiss
pLC50(96h), Kier2, AATS3v, -nHBAcc, SpMin7 Bhp n= 62,R?=0.80
P.promelas
L ATI (Aguatic Crippen log P(logKow), SaaCH, - SHBInt2, n=706, R?=0.81 Gramatica et
toxicity index) al.(2018)%02
P. subcapitata
D.magna
P. promelas or
O.mykiss
L, P. subcapitata F08[0-0], -UNIP, BO8[C-C], PW4, ALOGP2, | ny=53, Nesi=16, Khan et al.(2019)%
(single -nR=Cs, FO6[C-CI], CATS2D_04_DD, piPC1, | R%=0.74, Q%=0.85
models and piPC4, piPC8 (best single equation),
consensus Q%=0.85 (best
modeling, CONSensus)
5 models)
PLS D.magna CrippenLogP, - RotBtFrac, ASP, FO3[C-F], Ny=124, Nes=51,

gmin, -CATS2D 04 NL, AVS B(v), -

R?,=0.75,
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BO3[C -N], MLOGP2, - CATS2D_02_AA, -
ETA Shape X, - ETA_EtaP_B, -hmax,

Q%=0.71(single
model), Q?=0.72

(consensus)
O.mykiss AATS2m, -maxHBd, CrippenlogP, -minsF, Ne=46, Niest=25,
AATS2p, ATSOm, hmax, HyWi_B(m), - R%=0.81,
SM1_Dz(i), P_VSA_m_4, -Eig07_AEA(dm), | Q%=0.87(single
MlogP, -SHBa, -SdsN, B01[C-X], Mp, models), Q>=0.79-
RBN, NCL 0.92(consensus test)
P. promelas: S2K, B02[C-X], C%, AlogP, AlogP2, MlogP, | ny=80, Nis=28,
R?%=0.78, Q%=0.80
(single models)
Q%=0.81 (consensus)
L pLC50, Algae nRNR2, F08(0-0), Ny=89, Niest=26, Khan et al.(2019)%
Fr5(chg)/B_C C D _D/1_2s;1 5s; 3 _4s; r?=0.805, r?preq=0.690
3_5s/, Fr(rf)=B_ B B B C=1 3s;2_3s;
2 5s;3_4al, S_A(type)=/C.3C.AR_H_N.3=
1 4s; 3 4s/4, MLogP2
Ny=133, Neest=34,
pLC50, D.magna CrippenLogP, GATS1i, MLogP2, - r?=0.62, r?pyeq=0.72
minHBInt2, -S_A(elm)/C_CI_H_0O/1_3s;
1_4s/4, CATS2D_06_AP, -Fr5
(chg)/A_A B B _D/1 5s,2 5s,3 4s,4 5s/
ntr:135, ntest:43,
pLC50, Fish MlogP, -minHBd, r?=0.64, r%ye¢=0.70
Fr5(chg)=B_B_C C _C/1_2s;2 3s;
2_4s;2 bs/, nR=Ct,
S_A(chg)/B_B_D_D/1_2a;3 4al3,
Fr5(chg)/A_B B C C/1 5s;2 3a; 2_4s;
2 5s/,-DLS 05
Drugs L(5), pLC50, P.promelas | MDs selected by more than one model: n=288 Serra et al.(2020)4
NL(SVM, Mor12s, nN, P_VSA logP_3 and Ui. Mor12s | R%=0.42-0.92,
KNN) is the signal-12 3D-MoRSE descriptor R%e=0.48-0.91
weighted by the intrinsic state
Solvents
Chemically L log(LC50), fish -logP,-y, &, LUMO n=141 Levet et al.(2013)%
heterogeneous P.promelas, R%,>0.6
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solvents of
different classes

Brachydanio rerio
and Cyprinus

-1.8 <logP<4.3, -2.7<LUMO0<0.8 eV,
15<y<50 dyn/cm and e<45.

carpio
Organic solvents | L pPEC50(48h), -logP, -y (surface tension), ¢ (dielectric n=115, R? val=0.689- Levet et al.(2016)%
D.magna constant), -gmin (minimal atomic Mulliken | 0.752
charges),
pEC50(72h), algae | -logP, LUMO,
n=51, R? val = 0.706-
0.744
Biomass solvents | L logLC50, Danio -logP, -CV Ny=27, Niest=7, Zuriaga et al.(2019)%"
rerio zebrafish RZ%4;=0.948
Surfactants
Ethoxylated and L D.magna, logP, general narcosis model n = 8, r%;.=0.996 Roberts et al(2007)%®
propoxylated log(1/EC50)
alcohols
Various L log(EC50), -R( alkyl chain length), EO (degree of - Lechuga et al(2016)'*
surfactants V fisheri, D.magna, | ethoxylation)
S. capricornutum
Amine surfactants | NL(genetic | D. magna, logEC50 | N, -CL, n, ZPVE, -%, %, -25" Ne=18, Nexi=2, Liu et al.(2020)10
function R%,=0.962, R%,=0.794,
approximat R%x=0.942
ion (GFA))
Other
Personal care L ATI (Aquatic XlogP, Mp, TIC1 n=484, R?=0.93 Gramatica et
products toxicity index) al.(2018)102
Contaminants of L(6 +1 pLC50, D. japonica | 5 models with descriptors: nArCO, -B03[C-C], | ny=56, Nest=19, Hossain&Roy(2018)*
Emerging consensus -H-046, nBnz, MlogP,FO5[O-CI], 0-059, | R%g=0.705-0.769,
Concern (CECs) best) AlogP, -N%, -FO3[0-0] RZ%pred = 0.723-0.798,
Consensus models
performed better
CECs L pLC50, D. japonica | logkow, GATS7p, SpMaxA _G/D, Nu=47, Nest=8, Onlii &Sagan (2018)!12

CATS2D_08 DL, Mor31s

R2adj =0.787, Rzpred =
0.891
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Table S5. MoA based QSAR classification or regression models

molecular fragment
counts,autocorrelation,
molecular distance edge, Burden
eigenvalue, and walk and path
count descriptors )

RF (Dragon: primarily fragment
counts, autocorrelation

LDA: 75% tr, 25% valid
RF: 84.5 and 87.7%

Applicability Models Endpoint, species Descriptors Performance Reference
Domain
Narcotic vs reactive NL (Logistic fathead minnow logKow, — SNay, EHOMO Error rate: Ren&Schultz (2002)%3
regression, LR: 10.2%,
discriminant DA: 11.4%
analysis)
NL (SVM) LC50 fathead 12 autoMEP vectors, 5 Sterimol | n=296 Michielan et al
minnow descriptors, logP(o/w), HDon, Precision around 70% | (2010)%
HAcc, TPSA, ASA, Ccv
HOMO(PM3), LUMO-
HOMO(PM3)
NL (Bayesian logLC50 fathead | ECFP6 Fingerprints, Global: n=425, r>=0.70, | Lozano et al.(2010)5
classifier) minnow Descriptors: Ntest=165, r’=0.57
Hydrophobic (3), Consensus model by
Structural (7), MOA (nonspecific
Spatial (50), MOA) n=425, r?=0.81,
Electronic (25) Niest=165, r>=0.67
Max in 1 model:17
Non-polar and polar L log(1/1GC50) logP, S(Abraham n=428, r>=0.90 Su et al.(2012)16
compounds T. pyriformis polarity/polarizability
descriptor)
Non-polar, polar,
ionizable, nitro, n=925, r> =0.78
a, B-unsaturated logP, S, Fi (fraction of ionized
carbonyl compounds form),log Fo( fraction of neutral
form), INO2, I(indicator variable
for a, B-unsaturated ketones and
aldehydes)
6 MoA groups NL (LDA, RF) fathead minnow LDA (TEST: most common: n=924 Martin et al. (2013)%
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descriptors, and Burden
eigenvalues

Various MOA

NL (Bayesian

aquatic

Most important for

Accuracy (model

Carriger et al. (2016)Y

network model) invertebrates and | AChEI: SdsssP (phosphate precision) of 80%

fish group), J, GATS1 v;
ETl(electron transport
inhibition): SdssNp(N groups),
Hmax, Qv;
lono/osmoregulatory/circulatory:
Hmax, BELe3, SRW10, Qv.
Narcosis: MAXDN, DELS,
SRWI10, xv2, xc4, SdsssP,
SsCL, and SdssNP.
Neurotoxicity: SsCl, MDEC34,
SRW10, SsssCH acnt, BELe3.
Reactivity: SdssNp

Non-polar vs other fathead minnow LR: logKow, log (1/LC50), IC1, | n=220+109 Ren et al.(2016)8
NL (logistic MATS1s, SAacc LDA: 85.40% excess
regression (LR), toxicity
Linear LR: 95.60%
discriminant
analysis(LDA)) n=139+66

Less reactive vs more LR: P_VSA_MR3, nArOH, | LDA: 80.65%

reactive NdsCH, RPCG LR: 88.17%.

MOA-+toxicity value NL (MoA kNN log LC50 Abraham solvation parameters | MOA: precision 0.50- Boone&Toro(2019)°
(k=3), for MOA prediction 0.99 Boone&Toro(2019)%°
appropriate Toxicity prediction:
polyparameter RMSE=0.752
target site
models)

Verhaar schema MOA unsupervised LC50/EC50 MACCS keys n=155 Takata et al.(2020)*%

machine learning
and graph theory
(improved

Louvain method),
prediction by
ensemble learning

(daphnia, algae,
fish)

Accuracy this study vs
Ecosar

Class 1. 76% vs 96%,
Class 2:87%vs 100%,
Class 3: 70% vs 64%,
Class 4: 55% vs 47%,
Other: 60%,67%

Excess toxicity

L

-logLC50 fathead
minnow

logKow, X1v, -R2e

Ny=6,Nvalic=18,
rzadj:0.850

Wu et al.(2016)?
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Narcosis

L log(1/LC50), ClogP, -LUMO, -RARS Ne=147, Nies=116, Papa et al. (2005)123
fathead minnow R?=0.95, Q%.00=0.95,
QZEXT:0.93
L -logLC50 fathead | logKow, HyWi_B(m) Ny=696,Nyaiig=173, Wu et al.(2016)*??
minnow 1%,4=0.762
Non-polar
L log(1/1C50), a, -Ca n=23 r’=0.866 Dearden et al.(2000)**
D. magna
log(1/LC50), a, -Ca n=33 r?=0.925
V. fscheri
log(1/LC50), a, -Ca n =23 r?=0.965
P. promelas
L logL.C50, guppy -a,> Ca n=90; r’=0.953; Raevsky&Dearden
(2004)125
L logLC50, Poecilia | -logP, -DPSA-3 difference in R%,=0.9520 Katritzky et al.
reticulata (fish, CPSAs (PPSA3-PNSA3) R2y41i¢=0.9552 (2001)126
guppy) [Zefirov’s PC]
L log(1/EC50), V. logKow n=179, Klopman&
fischeri R?=0.94 Stuart (2003)*’
L log(1/1GC50), logKow, -ELUMO n=411, R?=0.890 Dimitrov et al.(2003)'%
T. pyriformis
n=213, R?=0.906
log(1/LC50),
P. promelas
L, NL log (1/LC50), diatomic fragments, LUMO like, | n=114 Casalegno et
GC+classficiation | Pimephales H+ PLS: r>=0.98 al.(2005)?°
PLS+NN promelas NN: r?=0.97
L log(1/LC50), ClogP, -LUMO, -RARS Niraining =147, Nest=116, Papa et a.(2005)23
fathead minnow R?=0.95, Q% 00=0.95,
Q%soor =0.94,
QZEXTZO.QS
L log1/EC50, logKow DO: n=26, r’=0.94 Hsieh et al.(2006)*°
P. subcapitata GR: n=26, r’=0.943
L log(1/1GC50) logP n=87, r>= 0.96, Ellison et al.(2008)”

T. pyriformis

0.92<logP<4.50
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log(1/LC50), N=53, Niest=13, Raevsky et al.(2008)*3!
fathead minnow | log Kow based models R?=0.927, R%ex=0.937
n:53, ntest:13,
molecular polarisability o (asa | R?=0.929, R?%s=0.958
log(1/LC50), volume-related term) and the H- | n=25, Nies=6,
rainbow trout bond acceptor factor (3.Ca) R?=0.925, R%=0.949
model N=25, Nest=6,
R?=0.949, R%¢«=0.923
logL.C50, guppy log Kow based model N=72, Niest=18, Raevsky et al.(2008)*3
R2:0.947, thest:O-954
molecular polarisability a (as a Raevsky&Dearden
volume-related term) and the H- | n=90, R?=0.953 (2004)*%°
bond acceptor factor (3 Ca)
model
log(1/LC50), log Kow based N=153, Niest=33, Raevsky et al.(2008)3!
Guppy+Fathead R?=0.929, R?s=0.968
minnow+Rainbow
trout models with a, -> Ca N=153, Ntest=33,
R?=0.943, R%¢s=0.964
log(1/LC50), logPex OF n=90, R?=0.957 Raevsky et al.(2009)*%2
guppy -Y'Ca, chilv, n=90, R?=0.967
Hn =(HOMO-LUMO)/2
log(1/EC50), logP D.magna: Qin et al.(2010)%®
different species n=25, r>=0.90
Carp: n=7, r>=0.92
logLC50, -logKow n=60, r>=0.93, g%,=0,92 | Kuhne et al (2013)**
D.magna
log(1/EC50),algae | logKow-mix n=50, R?=0.9469, Aruoja et al. (2014)%*
(P. subcapitata) R%.,=0.9426
-log(LC50), E (nAB, -nH, nHdon, -CEEL1, - Nwain =107, nNext=26,, | Lyakurwa et
P. promelas ELUMO, Mw) R%g = 0.902; R? gxr = | al.(2014)%
-S(-nAB, nHacc, pu, My, -nF,- 0.854
WNSA, Nv)
-B-basicity (nHacc, nN, nH,-
Mlogp, Mv,a, ELUMO)
V-McGowan volume.




L logLC50, mixed -logKow n=107, r%¢=0.91, Austin et al.(2015)3
species, majority r%exi=0.90
O.mykiss
Baseline compounds L log 1/LC50(AFT) | logKow, n =147 R?=0.95 Zhu et al.(2018)%%
log n=25R?=0.91
1/LC50(ZFET)
L log(1/EC50), logKow, - MATS7i, - tx 103, n=67, R?=0.829 Bakire et al.(2018)%%®
algae MATS3p, TPSA(Tot), -Vs
P.subcapitata
L -logEC50, fish 19 Volsurf descriptors: D1, D2, | n=25, R?=0.823, Q%cv | de Morais e Silva et
(PLS) HAS, R, FLEX, V, S, POL, G, =0.793, Q%xt = 0.87 al(2018)*3
MW, D5, W1, CD6, D6, CD7,
CD8, -D7, D8, ID3
(Table S4)
L log(1/HC) logKow n=28, R?%adj =0.97 Finizio et al.(2020)*
hazardous
concentration for
aquatic
communities (5%)
L, NL (SVM) Vibrio fischeri, dragon descriptors Linear models: ny=172, | Zhang et al.(2020)
10g1/IBC50 (50% | logKow, SpDiam AEA(ed), RZ%4j=0.778, Nex=43,
inhibition N%, RZx=0.788.
concentration), -0-057, - BO9[C—CI], Nonlinear models:
Eig04 AEA(ed), - GGI3 R?=0.814, R%,=0.792
Polar
L log(1/LC50), a, -Ca n =10, r>=0.877 Dearden et al.(2000)**
P. promelas
log(1/1C50), logP n =12, r> = 0.627
D. magna
log(1/LC50), logP, -Vx or o and Ca n=15,r2=0.791
V. fscheri
L log(1/LC50), a, -YCa, ->Cd n=119, R?=0.895, Raevsky et al.(2009)%2
guppy n=50, R?=0.883,
log(1/LC50),
fathead minnow
L log LC50, -logPc, - RNCG relative R%,=0.9083 Katritzky et

Poecilia reticulata
(fish, guppy)

negative charge

szalid:O-9083

al.(2001):26
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(QMNEG/QTMINUS) [semi-
MO PC],

-FHDCA fractional HDCA
(HDCA/TMSA) [semi-MO PC],
- XY shadow, YZ shadow

Di L pIGC50, log D n=10, r%¢=0.981, Aptula et al.(2005)4
and Trihydroxybenzenes: T.pyriformis 0%=0.974
-OH group in meta
position, oxidizing to
electrophilic quinones or
quinone methides
L log(1/LC50), AlogP, BEHv3, nHDon, Niraining =57, Niest=29, Papa et a.(2005)23
fathead minnow -C-029 R?=0.90, Q?%.00=0.88,
Q%007 =0.80,
QZEXT:0.89
logPfree: Niraining =57, Niest=29,
C-002, BEHm3, nBnz, -nN R?=0.84, Q%.00=0.81,
Q?%soor =0.88,
QZEXT:0.84
L, NL log (1/LC50), diatomic fragments, LUMO like, | n=76 Casalegno et
(GC, PLS, NN) Pimephales H+ PLS: r?>=0.86 al.(2005)%°
promelas, NN: r?=0.84
Based on substituted L log 1/EC50, P. -ELUMO, log Kow r’=0.88, Q?=0.817 Chen et al.(2007)%42
anilines subcapitata
L log(1/LC50), logPex, -ESC n=121, R?=0.895 Raevsky et al.(2009)*%2
guppy
-Nv1, ESM, logPex n=121, R?=0.904
Phenols and anilines L log(1/EC50), log P V. fischeri: Qin et al.(2010)%
based different species, n=15, r’=0.84
D.magna:
n=25, r’=0.58
Algae:
n=13, r’=0.76
Fathead minnow: n=16,
r?=0.64
Guppy:
n=20, r>=0.81
L -log(LC50), -S(-nAB, nHacc, u, My, -nF,- Nirain =75, Next=19, R%q | Lyakurwa et
P. promelas WNSA-3, Nv) =0.880; R%x7=0.861 al.(2014)1%
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-B-basicity (nHacc, nN, nH,-
Mlogp, Mv,a, ELUMO)
A-acidity (-SAdon, -nAdon,-
nHdon,Mv,p, -HACA-1, -nO)
V-McGowan volume

L log(1/EC50),algae | logKow, AHf/#atoms, MW n=87, n,=21, R?=0.9149, | Aruoja et al. (2014)%3*
(P. subcapitata) R%,=0.9061
R%x=0.9241
L log(1/EC50), logKow, -Vsmin, g-C, G3p, a, | n=61, R>=0.827 Bakire et al.(2018)%%®
P.subcapitata - Mor32i, Vsmax
L, NL (SVM) log1/IBC50 (50% | EE_B(p), logKow, —X2v, ne=133, R2,4j=0.723, Zhang et al.(2020)40
inhibition —Eig03_EA(dm), - JGIS3, Next=33, R%x=0.758
concentration), CATS2D 05 DP, GATST7e Nonlinear models:
Vibrio fischeri R?=0.785, R%x=0.705
Less inert compounds L log 1/LC50(AFT) | logKow n =84 R?=0.84 Zhu et al.(2018)%%
log /LC50(ZFET) n =24 R?=0.73
Non-polar + polar
L logLC50, guppy -logPc, max sigma-sigma bond R?,=0.9340 Katritzky et al.
Poecilia reticulata | order, -average information R2y2110=0.9362 (2001)12¢
content (order 1), - HA
dependent HDSA-2 [semi-MO
PC], - molecular volume/XYZ
box, HACA-1/TMSA [Zefirov’s
PC]
L log(1/LC50), logBCF, ELUMO - Dimitrov et al.(2002)43
fathead minnow
L log(1/EC50), 5 VX, - YpH N=39, raj=0.91 Ren&Frymier (2002)44
min, V. fischeri
L logL.C50, guppy L: -a, > Ca, YCd (H-bond donor | n=211; r?>=0.873 Raevsky&Dearden
factor) (2004)1?5
Non-polar+polar L, NL log (1/LC50), diatomic fragments, LUMO like, | n=190 Casalegno et
(GC, PLS, NN) Pimephales H+ PLS: r>=0.95 al.(2005)?°
promelas, NN: r’=0.96
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log(1/EC50), V.
fischeri, algae
log 1/IC50
D.magna

log 1/LC50, fish

log P, S(polarity)

V. fischeri:

n=48, r>=0.86
D.magna:

n=50, r?=0.73

Fathead minnow: n=44,
r?=0.87

Guppy:

n=45, r?=0.90

Qin et al.(2010)%

Narcotic, reactive and
ionizable compounds.

log(1/EC50),

V. fischeri,

log 1/1C50
bacteria,
D.magna, algae
log 1/LC50, fish

V. fischeri, bacteria, algae,
fathead minnow, guppy : logP,
S, Ino2

D.magna, carp: logP, S, Inoz, log
Fo(fraction of neutral form)

V. fischeri: n=9, r>=0.81
Bacteria: n=24, r>=0.74
Algae: n=40, r?=0.85
D.magna: n=100,
r’=0.73

Carp: n=46, r>=0.88
F.minnow: n=82,
r’=0.84

Guppy: n=72,r2=0.82
Fish (carp, minnow,
guppy): n=188, r>=0.82

Qin et al.(2010)%3

Nonpolar, polar and log(1/EC50), logKlipw n=19, r>=0.893 Escher et al. (2017)%
ionisable chemicals and Aliivibrio fischeri | (0.5 <log Klipw < 4.3)
their mixtures

log (1/1GC50), logP, S (Abraham n=530, r>=0.86 Su et al.(2012)16

T. pyriformis polarity/polarizability
descriptor),
logLC50, B°, -E, -V n=169, r=0.88, q%,=0.87 | Kuhne et al. (2013)%
D.magna
log(1/EC50), logKow, -ELUMO n=87, n,=21, R?=0.8532, | Aruoja et al. (2014)3*
algae P. R%,=0.8449,
subcapitata R%x=0.9241
Non-polar and polar log (1/LC50), fish | log Klipw n=14, R?=0.97 Kliver et al.(2016)4¢
compounds that were embryo acute
neutral at pH7 toxicity
Reactive
logLC50, Poecilia | FPSA-1 fractional PPSA (PPSA- | R?%,=0.8201 Katritzky et al.
reticulata (fish, 1/TMSA) [Zefirov’s PC], - R?,4i¢=0.8286 (2001)1%

guppy)

number of single bonds, -final
heat of formation/# of atoms, -
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average information content
(order 0),

-min partial charge (Qmin)
[Zefirov’s PC]

log(1/LC50),
fathead minnow

AlogP, -H6v, L1m, BEHm?7, -
R2u+

logP-free: Ss,-nHAcc, Tm, -
GGI8,-HATS6u, ROR

Niraining =62, Ntest=19,
R?=0.76, Q%.00=0.70,
Q%soot =0.69,
QZEXT:0.75

Niraining =62, Ntest=19,
R?=0.82, Q%.00=0.78,

Papa et a.(2005)*%

Q%soot =0.77,
QZEXT:0.77
NL evolutionary | P. promelas logKow, Ehomo, Elumo, n=88, mean performance | Fogel &Cheung
algorithms T.pyriformis average acceptor NN:80-83%, Rules: 90- | (2005)%7
(EAs) for superdelocalizability S'av 93%
optimizing neural
and rule-based
classifiers
L log(1/LC50), -CICO, IDWav, logPcalc n=90, R?=0.765 Raevsky et al.(2009)*%2
guppy
L -log(LC50), nN=0, nK=0: Nirain=35, Next=9, R%qj = | Lyakurwa et
P. promelas -A-acidity (-SAdon, -nAdon,- 0.843, al.(2014)'%
nHdon,Mv,u, -HACA-1, -nO) R2%xt = 0.835
-B-basicity (nHacc, nN, nH,-
Mlogp, Mv,a, ELUMO) Nirain =33, NexT=7, R%qj =
V-McGowan volume. 0.803, R%xr = 0.719
nN>0:
E (nAB, -nH, nHdon, -CEEL1, -
ELUMO, Mw)
V-McGowan volume.
L log(1/EC50), nN=0, n(C=0)=0: logKow n=9, R?=0.798 Bakire et al.(2018)%%®
P.subcapitata
nN>0 : GATSle, n=10, R?=0.891

SpMinl_Bh(p),
-V+s
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L, NL (SVM) log1/IBC50, nN =0, n(C=0) = 0: B0O3[C—C], | ny=29, R%4=0.841, Zhang et al.(2020)14
V. fischeri -Hy, B06[C-CI], - BO6[O—F] Nexi=7, R%x=0.833
Nonlinear models:
R2=0.866, RZ%x=0.790
L: ny=57, R%q=0.777,
nN > 0: X5Av, - MATS3s, Next=14, R%x=0.738
GATSSm, - Eigll_EA(dm) NL:R?=0.816,
-FO6[C-O], MlogP R2,=0.801
nN =0, n(C=0) > 0: nRCO, L: ny=69, R%¢=0.704,
-nArOR, SpPosA A, Next=18, R%x=0.447,
- Eta_F_A, F02[O-CI], Nonlinear models:
Eig02_EA(dm), R2=0.736, RZx=0.445
Eig06_EA(dm),
Specifically acting
L logLC50, guppy - ALFA polarizability (DIP) - R%,=0.7745 Katritzky et al.
P. reticulata FNSA-3 fractional PNSA R%,2i0=0.6740 (2001)*2¢
(PNSA-3/TMSA) [semi-MO
PC] + count of H-donors sites
[Zefirov’s PC] + number of
benzene rings
L log(1/LC50), ClogP, N-074, MPC09 Niraining =29, Neest=7, Papa et al.(2005)*%
fathead minnow R?=0.78, Q%.00=0.73,
Q%007 =0.63,
QZEXTZO.gl
Ntraining =29, Ntest="7,
lopP -free: R?=0.82, Q% 00=0.72,
S1K, -MAXDN, -0-058, R2p Q?%soot =0.67,
QZEXT=O.75
L log(1/LC50), Eamax, -y Ca, Nvl n=31, R?=0.771 Raevsky et al.(2009)*%2
guppy
L log(1/EC50), - R6v, GATS3i n=8, R?=0.925 Bakire et al.(2018)%®
P.subcapitata
L, NL (SVM) log1/IBC50, dragon descriptors: L: ny=25, R%4=0.733, Zhang et al.(2020)40

Vibrio fischeri

SpMAD_AEA(dm),
-FO3[C-N], SPMAD_B(p),

next:6, Rzext:0.749
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NL: R2=0.799,
Rzext:O.767

L,NL (LDA(2)
kNN(4), SVM(4),

LC50, D.magna,

HYBOT (26) and DNESTR (19)

n=443
LDA: 0.864-0.886

Grigorev et al (2014)48

ANN(4)) kNN; 0.886 to 0.920,
SVM; 0.875 to 0.920,
for ANN, respectively
(descriptors from 19 to
77)
Consensus KNN+SVM,
ANN 77 descriptors
Accy=0.915,
ACCtest:O.932
Inhibitors of the Hill L log(1/EC50) Phenylureas: nom, -As, logKow | n=15, R?>= 89.3% Gramatica et
reaction of chloroplasts Chlorella Best 3 dimensional Q%.00=80.6% al.(2001)4°
(phenylureas, triazines) Other models: n2m, As,
logKow, nCl, Ku, IED, n2v,
n2p, W,Tu,ZM2, MAXDN, 1y
Triazines: %k, n1v, n1p
pro-Michael acceptor L pIGC50, -AEI (activation energy index) n=18, r>=0.821, Aptula et al.(2005)#
electrophiles: Di and T.pyriformis r%4=0.810, q?=0.774
Trihydroxybenzenes,
hydroxy groups oriented
ortho or para to one
another
Michael acceptors (a,[3- L log (1/1GC50), Max (Baseline toxicity BT; n =94, r%¢=0.85,r’cy | Schwobel et al.
unsaturated compounds) T. pyriformis Reactive toxicity RT), =0.83 (2011)°
BT: 0.78logP-2.01
RT: log K (Kinetic rate), logP
Endocrine disruptor L PECS0, P. NaasC, -GD, - B06[C-0], Ny=61, Nest=16, Q°=0.67 | Khan et al.(2019)**

chemicals (EDCs)

subcapitata

pEC50, D. magna

pLC50, O. mykiss

pEC50, P.
promelas

-F-084, - ETA_Eta_ B, CI-087

AlogP2, nCIC, P-117, -X1A,
D/Dtr03,

-GD, XlogP, AlogP2, - SssCH2,
BO5[C-P], nCrt, - BO9[O-CI],

-MW, - ETA BetaP s

Ny =81, Neest =24,
Q2=0.87

Ny =83, Neest =36,
Q2:0.55

Ngr :12, ntgst:4, Q2:096

42



Unknown MoA

-log(LC50),
P. promelas

nN=0, nK=0:

E (nAB, -nH, nHdon, -CEEL1, -
ELUMO, Mw)

-B-basicity (nHacc, nN, nH,-
Mlogp, Mv,a, ELUMO)
V-McGowan volume.

nN>0:

E (nAB, -nH, nHdon, -CEEL, -
ELUMO, Mw)

-A-acidity (-SAdon, -nAdon,-
nHdon,Mv,u, -HACA-1, -nO)
-B-basicity (nHacc, nN, nH,-
Mlogp, Mv,a, ELUMO)
V-McGowan volume

Nirain =96, NexT=21, Rzadj
=0.800; R%xr = 0.836

Nrain =114, NexT=27, Rzadj
=0.748; R%x7 = 0.741

Lyakurwa et
al.(2014)1%

log(1/EC50),
P.subcapitata

nN>0: a, logKow, -GGI9,
DLS 02, - SpMAD_AEA(dm),
- Mor10e, -Gli

nN=0, n(C=0)=0: EHOMDO, - 1x
103, -Vsmax, - HATS1i,

n=73, R?=0.613

n=20, R?=0.818

Bakire et al.(2018)%%®

Ester narcosis

log(1/1GC50),

logKow, -ELUMO (85%

n=93; R2=0.878;

Dimitrov et al.(2003)'%

T. pyriformis significance)
log(1/LC50), logKow, Agster n=34; R? =0.811; Dimitrov et al.(2003)*%
P. promelas

Amine narcosis

Aliphatic amines log(1/1GC50), logKow n=51; R? =0.854; Dimitrov et al.(2003)*%
T. pyriformis

Aliphatic amines log(1/LC50), logKow n=88; R?=0.853; Dimitrov et al.(2003)*%
P. promelas
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Table S6. Global QSAR models

MOA

fathead minnow

GATSLly, -R1v

logPfree: WA, Mv, H-046, nCh,
MAXDP, -nN

R?=0.81, Q?L00=0.80,
Q%soot =0.80,
Q%x71=0.72

Ntraining =249, nwes=200,
R2=0.79, Q2|_oo:0.78,
Q%goor =0.78,
Q%x1=0.71

Applicability Models Endpoint, species | Descriptors Performance Reference

Domain
L 1/EC50 D.magna | logPow, Ha(hardness) n=61, r2=0.54 Faucon et al. (2001)%%2
L log(1/EC50) atomic or group fragments and | n=217, R?=0.969 Tao et al. (2002)*3

D. magna structural features

Narcotic chemicals L log(1/LC50), fish | logKow, SASurf PNSA1 n=216, r’>=0.892 Stanton et al. (2002)*3
NL (unsupervised logLC50 P. 156 descriptors N=568, Ratest =0.872 Gini et al.(2004)%
for clustering + promelas,
supervised ANN for | loglGC50 N=724, Rows=0.846
model creation) T.pyriformis
NL (hybrid :linear | LC50 fathead Autocorrelation descriptors n=569(484+85), Devillers(2005)*
(logP)+SANN) minnow RMSRy=0.818,

RMST est=0.664
General,independent of | L log(1/LC50), AlogP, DP03, H8m, - Ntraining =249, Nest=200, Papa et al. (2005)*%

Diverse chemicals

NL (Support vector

pLC50, fathead

Chemical fragments, logP,

n =576

Amini et al (2007)%

inductive logic minnow LUMO R?cv=0.66, classification
programming 73% accuracy,
(SVILP)) R%et=0.57 on 165 unseen
molecules
L (Abraham model, | -logIlGC50 E,S,ABV E. sulcantum n=51, R? Bowen et al.(2006)*7

PCA)

different protozoa

=0.919,

U. parduczi n=59, R?
=0.923,

C. paramecium: n=55, R?
=0.887

-log(LC50)
fathead minnow

AlogP, -ELUMO, S2K, nRNH2

n =408 r?=180.3 Q200 =
801 QzBoostrap = 800
Qzext = 721

Pavan et al.(2006)%%®
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NL(LR, DT, k-
NN,PNN,SVM)

log(1/1GC50),
Tetrahymena
pyriformis

Descriptors in Table 5 (48
descriptors)

n=841 TPT and 288 non-
TPT, overall accuracies
in the range of
85.3%~90.4% with
SVM, k-NN, and PNN
giving better
performance.

Xue et al(2006)*°

L(6), NL(13)

pIGC50,
T.pyriformis

Various descriptors

n_tr =644, n_val = 339
SVMDragon and ASNN
approaches (0.83 and
0.75, respectively),
ASNN had a better
balance between the
space coverage and
accuracy

Consensus models
superior R%,,=0.68-0.88,
coverage=20-99%

Zhu et al.(2008)60

L

-log(LC50)
fathead minnow

first principle descriptors
-Str, ©H, -®L, -1a, -ClogP

n=45, R?=0.85,
chv:0.79

Eroglu et al(2007)6!

L, NL (Ensemble of
linear and
nonlinear)

logLC50 fathead
minnow

Dragon descriptors

Regression nonlinear 8
descriptors ry? = 0.82
clustered ensembles,
Ntr:560, Ntest: 144,
ensembles of linear
models (e.g. 200 10-
descriptor models in
ensemble: r2 =0.87, or
for 200 simpler models
having

7-descriptor models in
ensemble r? = 0.83)
clustered ensembles
outperform linear and

nonlinear MR ensembles.

R?=0.83-0.87

Basic et al.(2009)6?

logLC50 fathead
minnow

-logPow, -MW, Elumo

n=566, r>=0.65
Consensus 10 linear
models: n=557, r>=0.74,
ntest:201, r2:0.60

Lozano et al.(2010)*%
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NL (GA-SVR) -log LC50 fathead | ALogP, Nnirel, Nring, @, €Homo, n=457, r>,=0.826, Wang et al.(2010)%
minnow EHOMO , EA,C,avg, RA,C,avg rztest:0-802
NL (SVM and LC50, fathead 60 selected descriptors, 6 most n =442(FMT), 169 (non- | Tan et al.(2010)8

ANN classification
models)

minnow (FMT),

important:
AVPWhs, MB-ATS,(ALOGP), la
(4.0), H3, A5, ATS2w

FMT) External
validation set; prediction
accuracy SVM: 90% for
FMT, 100% non-FMT,
91.6% all ; ANN: 90,100
and 91.6%

L LC50 D. magna -logPmix, -HOMO energy, n=118, r>=0.7396, rZy Moosus&Maran(2011)*3
-WNSA-1,- BIC =0.7138, r?sr =0.0342
NL, NL+L LC50 fathead 8 constitutional n=555 (445+110) MLR, | In et al.(2012)%64
MLR , ANN, minnow descriptors, 12 geometrical ANN, and two RP-MLR
recursive descriptors, 1 physicochemical models possessed
partitioning (RP, descriptor, and 207 topological | correlation coefficients
grouping reactive or descriptors. (R?) as 0.553, 0.618,
narcosis)+MLR 0.632, and 0.605 on test
set
Consensus model of
ANN and two RP-MLR
models R?=0.663
L(6) , NL (3,spline) | -log(LC50) ETA indices(Aga, -Y.ox/Ya, AP, Roy&Das(2012)65

fathead minnow

-AB’s, Yo, -Aga) + AlogP98
Non-ETA (CHI-V-0, SdO,
(3.68239-SsCH3),(0.97222-
SdsCH) +AlogP98

ETA+Non-ETA+AlogP98

Linear: R2=0.764-0.790,
Rzpred:0.746'0.787

Spline:
R?=0.763-0.774,
Rzpred:O.777'783

NL(MLPN, PNN,
GRNN
RBFN,SVM,GEP,
DT)

—log LC50
fathead minnow

PNN: PD physico-chemical
descriptor, CD constitutional
descriptors, TD topological
descriptor

GRNN: PD,CD,GD geometrical
descriptor, TD

Best PNN and GRNN
PNN: Train-95.85,Val-
91.30,Complete-94.94
GRNN: Train-0.929,Val-
0.910,Complete — 0.926

Singh et al.(2013)66

NL(GA+kNN
model),

-logLC50
D.magna

MLOgP, RDCHI, SAacc,
TPSA (tot), H-050, nN,
C-040,GATS1p

With average distance
limit 1.26: n=436+110,

Cassoti et al.(2014)*
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Fingerprints-based

R?=0.78, Q%v=0.78
Q%xt=0.72

R2= 0.67, Q%cv=0.67
Q%xt=0.59

Consensus: R?=0.78,
Q%v=0.78 Q%xt=0.73

L pLC50 VP-1, MFLER_BH, n=449, R?=0.75, Gramatica et al.(2014)¥
Pimephales nAtomLAC, CCCex=0.84
promelas - HybRatio, naasC, -nN
NL (ensemble EC50/LC50, Classification: VP-2, MDEC- Classification: Model Singh et al.(2014)7
models, multispecies: 22, BCUTp-1l, WL-2U, WL- building (algae) species
classification Algae P. 3U, PPSA-1, PNSA-1, XLogP, DTB:97.82%, DTF:

decision treeboost,
regression decision
tree forest)

subcapitata
(model building)
(n=505)

Test species:
algae S. obliguue ,
daphnia(n=547),
fish(n=505), and
bacteria.

nAtomP

Regression: SP-1, MDEC-23,
MDEC-33, ATSp5, ATSm5,
TopoPSA, XLogP, nHBDon

99.01%

Test species:
92.50%—94.26% and
92.14%-94.12% in four
test species

Regression: DTB: 0.918,
DTF: 0.905 (algae)
0.575-0.672, and
0.605—0.689 test species

Non-congeneric NL (DTB, DTF) —log IGC50 Classification: CPSA.22, CIOO, | Accuracies optimal Singh &Gupta (2014)'68
industrial chemicals T.pyriformis ECI, Log P, MW, NALC, models: optimal DTB
(n=1450) NALPS 98.90%, DTF 98.83%
(two-category) and
98.14%, 98.14% (four-
category)
Regression: CIOO, logP, MSA,
MW, NALPS DTB: R?=0.945,
R%.st=0.637(bacteria),
R%et=0.741(algae)
DTF: R?=0.944
R2.st=0.655(bacteria),
R%=0.691(algae)
L pT algae MLR model logP, H_Dz(Z) N=73, r%gj = 0.922, rest = | Tugcu et al.(2014)6
C.vulgaris Kring model (complex): 0.809

pT=1/log (EC50)

VRL B(s), R4i
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Various narcotic

logLC50, Poecilia

norm indices: -exp(1/MW),

n=190 R% = 0.9376,

Wang et al.(2014)7°

pollutants reticulata exp(-1/N), Emin, norm(MD, 2), | R%e+=0.9264
norm(MD, fro). Parameters in
Table 1.
NL (GA+kNN k=6) | LC50 fathead MLOGP, CICO, NdssC, NdsCH, | n=726+182, Q% = 0.61- | Cassotti et al.(2015)"
minnow SM1_Dz(Z), GATS1i 0.89, Q% = 0.61-0.77
L D.magna quantum chemical descriptors n=252 (ny=113, ns =111) | Vikas (2015)%"2
R?=0.600-0.677
L (MOA+MLR, LC50 fathead 2D descriptors selected include | r?=0.529-0.632 Martin et al.(2015)7
single MLR), NL minnow autocorrelation, molecular single MLR: r> = 0.551—

(hierarchical
clustering HC)

fragment and E-state
descriptors.10 out of 14 models
contained some form of log Kow
descriptor

0.562
HC: r? = 0.572, coverage
=99.3%

L (Monte Carlo
method)

pLC50 D.magna

Presence or absence of

double (=), triple (#), and
stereochemical (@) bonds;
presence or absence of the
chemical elements

nitrogen (N), oxygen (O), sulfur
(S), and phosphorus (P);
presence or absence of the
chemical elements

fluorine (F), chlorine (CI),
bromine (Br), and iodine (1)
(i.e.,halogens); and PAIR
represents the simultaneous
presence of pairs of the above-
mentioned (in parentheses)
SMILES

elements.

Ny=758, Nyaiia =87, I’ =
0.8377

Toropova et al.(2016)%2

-logL.C50 fathead
minnow

Global model; log Kow,
SM6B(p), — GATS1p, —
SpMADEA, — HOMA, —
SddsN, — NssCH2, B10[C — N]

n=963, (ntr=771,
nvalid=192), GA-
MLR,rZadj=O.701

Wu et al.(2016)%

L, NL

pLC50 D.magna

AlogP, AATSCOp, Crippen
logP, -minsOH,
MLFERBH,XlogP

ACO+SVM r?; =0.92,
rztst:0.83

Aalizadeh et al.(2017)7
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ACO+MLR r%;=0.607,
rztst:0.733

NL (KNN) Morgan, PaDEL, SiRMS, and Nmodei=644, Nexi=339, Alves et al.(2018)17
DRAGON descriptors CCR: 86—88%.
NL(6) EC50, D. magna | CDK fngerprint (CDK, 1024 Local (only D. magna, Cao et al.(2018)76
bits), Extended n=709) and global
fngerprint (Ext, 1024 bits), | models ( all kinds of
Estate fngerprint (Est, 79 | crustacean data, n=115),
bits), MACCS fngerprint (Mac, | different methods,EC50,
166 bits), PubChem fngerprint | Mac-SVM outperformed
(Pub,881 hits), Substructure | others in both local and
fngerprint (Sub, 307 bits), and | global models ( MACCS
Graph-Only  fngerprint (Gra, | fingerprint -SVM)
1024 bits). Train/test =80/20% data
L QSARINS PBT nX, nBondsM, - n=180, R?=0.89 Gramatica et al.(2018)1%?
index nHBDonL.ipinski, - MAXDP2
L pLC50 fathead norm descriptors n=685, R?=0.8174, Jia et al (2018)"7
minnow Q%=0.7923
pLC50 D.magna, | calculations by PROGROC Ny=376, Niest=170, Vazhev et al(2018)%7®
program R?=0.971, R%es=0.952
L (5 models, pEC50 P. CrippenMR, LogKow, MLOGP, | Nyain = 251, Nest = 83, Khan&Roy (2019)%°
consensus subcapitata B0O6[C-N], BO5[C-CI], FO2[N- | R?=0.71-0.72, Q?=0.70
modeling) S], H-051 and nSO20H

NL (classification

LC50, fathead

Padel 2D molecular descriptors

Best ensemble-SVM: Q

Ai et al.(2019)"°

ensemble models (| minnow and molecular fingerprints values for the training
RF to select most set, validation set, and
relevant features, complete dataset were
SVM, extreme 92.2%, 87.3%, and
gradient boosting 96.0%. AUC internal
(XGBoost)) (6) (92.2 and 0.965) AUC
external validation (87.3
and 0.940) needs to be
improved, overfitted
model
Diverse organic NL (ML methods mysid shrimp mindssC, CrippenLogP, local, ny=309, Nes=77, Liu et al.(2019)*°
chemicals including (RF, naive Bayes, (local) maxHBint2, maxwHBa, Qu=0.7603-0.8171,

kNN, C4.5

GATS1i, hmin, SwWHBa,
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pesticides and decision tree, SVM, | marine nT6HeteroRing, MDEO- Qrest=0.779-0.9032,
industrial chemicals ANN)) (12) crustaceans 11,GATS4c. Quaiig= 0.700-0.851
XLogP, SHBd, maxHBint2,
maxwHBa, mindssC, ALogP, global models, ny=326,
SwHBa, GATS1i, GATS4c, Nest=82, Qy=0.7397-0.82,
AATSC1s, and MDEC-23. Qtest=0.756-0.927, Qualig=
0.728-0.824,
NL Tetrahymena Counts of fragments having 2-4 | RF (Q%=0.76), SVM( Matveieva et al.(2019)8*
pyriformis heavy atoms (sirms tool of spci | Q*=0.73), GBM gradient
Software) bOOSting machine
(Q%=0.77), Consensus
(RF,SVM, GBM=0.75),
n=1984
Miscellaneous L pLC50 mixture of | -BLTF96, X5 sol, X1 A, Ny=208, Ntest=69, Khan et al.(2019)%*
chemicals fishes D/Dtr03, - FO2[ N-N], 0-060, - | R?=0.650, R%yes=0.610
(Brachdanio rerio, | BO1[ C-O], -S_A(type)/C.
Pimephales 1 C.1 C.3 H/2_3s,3 4s/4,
promelas, NssS, -H%
Cyprinus carpio,
Oryzias latipes,
Poecilia
reticulata,
Lepomis
macrochirus, and
Oncorhyncus
myKkiss)
L pLC50 mixture of | ALOGP, XMOD, Mv, - Ny=841, Nest=280, Khan et al.(2019)%*

fishes
(Brachdanio rerio,
Pimephales
promelas,
Cyprinus carpio,
Oryzias latipes,
Poecilia
reticulata,
Lepomis
macrochirus, and

S_A(type)/C.3_C.3_H_O.
3/1_2s,2_4s, 3 _4s/6, B10[ C-
N], Fr3(rf)/A_B_B/1_2s, 2_3d/,
-Fr3(type)/C. 3_C. 3_0. 3/1_3s,
2 3s/, FO1[ C-X], -
Fr3(rep)/B_D_E/1 3s,2 3d/, -
Fr3(att)/D_D_E/1 3s,2_3s/,

R?=0.610, R%yeq=0.630
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Oncorhyncus

myKkiss)
NL (RF, GBT, LC50, NOEC PaDEL descriptors LC50: Sheffield
SVR) different species R2=0.59-0.64, &Judson(2019)82
of fish R%ev=0.57-0.66
NOEC:

R?=0.60-0.62, R%v=0.59

L (Monte carlo pLC50 Zebrafish | Dragon 7 descriptors n=411, R?=0.77(best) Toropov et al.(2019)183
improved by index | (Danio rerio)
of ideality of Embryo
correlation)
NL (ANN) log(1/LC50) mined structural alerts n=568 VEGA gsar, Gini et al.(2019)*°
fathead minnow average accuracy
training set >88%,
average accuracy on the
trout test set 69%
L pLC50 zebrafish | norm descriptors R? =0.8549, 0.9162, Liu et al.(2020)8
embryo 0.8335 and 0.8119
different exposure
times (48(n=194),
96(n=68),
120(n=149) and
132h(n=143))
NL (ensemble pLC50/ pEC50 ISIDA Property-Label CV r? values of 0.60, Lunghini et al(2020)8>
modeling SVM) Algae(n=1440), Molecular descriptors 0.72,0.71.

daphnia(n=2120),
fish(n=2110),

NL (Random Forest
(RF) and Gradient
Boosting Machine
(GBM), consensus
models)

log(LC50) fathead
minnow and
Daphnia magna
log(IGC50)
Tetrahymena
pyriformis

Structural fragments (sirms tool
of spci Software)

Fish (ng=642, Nes=161):
RZCV:O.65, R2t95t20.59.
RZAD.0n|y:O.49 (GBM),
RZCV:O.GG, thest:O.SG.
RZAD.Omy:O.SG (RF),
RZCV:O.68, thest:O.GO.
RZAD-onIy=0-54
(Consensus model)

Daphnia (ny=268,
ntes[:67):R2cv:0.52,
R?test=0.70. R?ap-
ony=0.52 (GBM),

Tinkov et al(2020)e¢
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chv:O.SO, thest:0-70-
RZAD—onIy:0-53 (RF),
R2,,=0.53, R24s=0.71.
RZAD-onIy:0-53
(Consensus model),

Algae (ny=1424,
ntest:356): RZCV:0.77,
thest:0-77- RZAD.
ony=0.76 (GBM),
R2,,=0.75, R?.s=0.76.
RzAD—onIy:O-73 (RF),
RZCV:O.78, R2t95t20.78.
RzAD—onIy:O-79
(Consensus model)

NL (10 radial basis | -log LC50, PaDEI descriptors n=955, Wang&Chen(2020)*
function neural fathead minnow XlogP, Crippen log P, AMR, R210>0.7, R%4>0.8,
network and its AATS4v, GATS1i, GATS1yv, Q%x=0.6480-0.7317,
consensus khs.dsch, R%«=0.6563-0.7318
modeling) MATS1c, AATS4v, GATS6I, Consensus model: R?
GATS1m, MlogP, and nN =0.9118, R%10=0.7632,
and Qzext:O.7430.
NL(SVM+GA) pEC10 CrippenMR, MHYD, FO2[N-S], | ny=167, R%=0.76, Yu(2020)*88
Pseudokirchneriel | BO5[C-CI], CCCN and R3m Ntest=167R%est=0.75
la subcapitata
NL (general pIGC50 ALOGP2, GATS1p, MLIP and | n=1163, R?>=0.85 Yu(2020)8°
regression neural Tetrahymena MW
network (GRNN)) pyriformis MLIP = nRNCS + nDB —
nROH,
Table S7. Interspecies QSAAR models
Applicability Models Endpoint, species Descriptors Performance Reference
Domain
Aliphatic compounds | L log(1/IGC50) pT15 V. fischeri n =64, r?=0.850 Cronin et al. (2000)2
T. pyriformis
C=0: L log(1/IGC50) T. log(1/1GC50) T. pyriformis or | n=143, r>=0.698 Dimitrov et al.(2004)%%
Aldehydes pyriformis or LC50 fathead minnow,
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LC50 fathead logKow,

minnow Do-atom (reactivity)
Global: Diverse log(1/LC50), log(1/1GC50), T.pyriformis, n =362, R?=0.851, Kahn et al.(2007)*!
chemicals P. promelas Pc?v9, R2cy = 0.846

-#Nrel, -HACA2

Different chemicals log1/IC50 Bacteria | logl/EC50 V. fischeri n=23, R?=0.84 Zhang et al.(2010)2%2

log1/1C50 Algae log1/EC50 V. fischeri, - n=30, R?=0.84

log1/IC50 Algae ELUMO n=37, R?=0.83

log1/1GC50 T. | log1/IC50 D.magna, -ELUMO | n=49, R?>=0.62

pyriformis log1/EC50 V. fischeri, - n=56, R?=0.73

log1/IGC50 T. | ELUMO n=71, R?=0.80

pyriformis log1/EC50 D.magna, -ELUMO | n=56, R?=0.89

log1/1C50 D. | logl/EC50 V. fischeri, log P n=56, R?=0.87

magna log1l/EC50 V. fischeri, log P

log1/IC50 Fathead
log1/1C50 Guppy

log1l/EC50 V. fischeri, log P

Different chemicals

log (1/EC50) algae

log (1/EC50) daphnid toxicity

n=103, rzadj:O.Bl,

Furuhama et al.(2016)%%

g%=0.80
Different chemicals Ig(LD50 IgP. R?=0.962 Zolotarev et al.(2016)%
rats/LC®50 rainbow
trout)
Overall compounds log 1/EC50 log 1/LC50 Fish (mix of n=467, R?=0.72 Li et al.(2018)%%
D.magna species) n=478, R?=0.72
logl/IGC50 T. log 1/LC50 Fish (mix of n=304, R?=0.54
pyriformis species) n=287, R%=0.63
logl/IBC50 V. log 1/LC50 Fish (mix of n=294, R?=0.45
fischeri species) n=556, R?=0.63
log1/IGC50 T. log 1/EC50 D.magnha
pyriformis log 1/EC50 D.magna
logl/IBC50 V. log1/IBC50 V. fischeri
fischeri
logl/IBC50 V.
fischeri
Different chemicals pIGC50 T. pIC50-DM, SM1_B(m), n=310, r>=0.80, Q?=0.79, | Bouhedjar et al.(2020)%
pyriformis MLOGP Q%x=0.73
n=608, r>=0.70, Q%=0.69,
plC50-D.magna pLC50-fish, X3v, MATS1s Q%«=0.70

pLC50-fish (mix
of species)

pIGC50-TP, SM14_AEA(ri),
SAdon

n=518, r>=0.77, Q*=0.76,
Qzext:O.Gl
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pIBC50 V. fischeri

pIC50-DM, MATS1s, ALOGP

pIBC50 -VF, IDET,
SpPosA _B(p)

pIGC50-TP, Mp,
SpMax4 Bh(p)

n=608, r’>=0.68, Q>=0.67,
Qzext:0.74
n=355, r?=0.66, Q*>=0.65,
Q2%x=0.61
n=570, r?=0.73, Q>=0.73,
Q2%x=0.75

Aliphatic log(1/1GC50) Acute aquatic toxicity vs thiol | n=23,r?2=0.911, Schultz et al.(2007)%
isothiocyanates T. pyriformis reactivity g%=0.907

1.33(log(1/EC50)) -0.41
Halo-substituted log(1/1GC50) Acute aquatic toxicity - thiol n=19, r>=0.926, Schultz et al.(2007)%

carbonyl compounds T. pyriformis reactivity: log r?(pred)=0.905,
(esters, phenones and (1/1GC50)=0.848(log(1/EC50))
amides), +1.40
MOA.: Nonpolar log(1/LC50), log 1/LC50(FHM)exp n=39, R?=0.988 Raevsky et al.(2008)*%
narcosis guppy (G) log 1/LC50(RT)exp n=27, R?=0.939
log(1/LC50), log 1/LC50(RT)exp n=19, R?=0.957
fathead minnow
(FHM),
Baseline compounds log 1/EC50 log 1/LC50 Fish (mix of n=92, R?=0.83 Li et al.(2018)%%
D.magna species) n=71, R?=0.93
log1/IGC50 T. log 1/LC50 Fish (mix of n=72, R?=0.73
pyriformis species) n=42, R?=0.81
log1l/IBC50 V. log 1/LC50 Fish (mix of n=63, R?=0.65
fischeri species) n=64, R?=0.79
log1/1IGC50 T. log 1/EC50 D.magnha
pyriformis log 1/EC50 D.magna
logl/IBC50 V. log1/IBC50 V. fischeri
fischeri
log1/1BC50 V.
fischeri
Less inert compounds log 1/EC50 log 1/LC50 Fish (mix of n=52, R?=0.87 Li et al.(2018)%%
D.magna species) n=102, R?=0.69
log1/1IGC50 T. log 1/LC50 Fish (mix of n=75, R?=0.50
pyriformis species) n=45, R?=0.47
log1/IBC50 V. log 1/LC50 Fish (mix of n=37, R?=0.58
fischeri species) n=112, R?=0.42
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logl/IGC50 T.

log 1/EC50 D.magna

pyriformis log 1/EC50 D.magna

logl/IBC50 V. log1/IBC50 V. fischeri

fischeri

log1/1BC50 V.

fischeri
Reactive compiunds log 1/EC50 log 1/LC50 Fish (mix of n=67, R?=0.66 Li et al.(2018)%%

D.magna species) n=79, R?=0.59

log1/IGC50 T. log 1/LC50 Fish (mix of n=26, R?=0.54

pyriformis species) n=49, R?=0.73

logl/IBC50 V. log 1/LC50 Fish (mix of n=42, R?=0.40

fischeri species) n=69, R?=0.78

log1/IGC50 T. log 1/EC50 D.magnha

pyriformis log 1/EC50 D.magna

logl/IBC50 V. log1/IBC50 V. fischeri

fischeri

log1/1BC50 V.

fischeri
Organothiophosphate logEC50, logEC50 D.magna n=9, r’= 0.94, r%,=0.90 | Zvinavashe et al.(2009)%
pesticides vertebrate carp
Benzene derivatives pLC50, P. CrippenLogP, pIGC50 T. n =25, R?=0.783 Gupta et al.(2015)%®

promelas pyriformis

n =46, R*=0.611
pLC50, P. ALogP2, pIGC50 T. pyriformis
reticulata
n =21, R?=0.836
XLogP, pIGC50 T. pyriformis

pLC50, R.

japonica
Aromatic amines and log(1/LC50) fish log(1/EC50) daphnia, MW, n=109, r%¢=0.73 Furuhama et al.(2015)%%°
phenols Oryzias substructures

latipes n=104, r>=0.73

log(1/EC50) P.
subcapitata

Substituted phenols

PTc.vulgaris

pTCAvngaris
pTP.subcapitata=

PT T pyriformis (—log IGC50)

PTp subcapitata (—l0gEC50)

ny=31 R?=0.75, ny=10,

R2=0.82

Ne=16, R?=0.93, N,=6,

R?=0.83

Tugcu et al.(2017)7®
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Pharmaceutical and

Personal Care Products

pPEC50 O.mykiss
pPEC50 O.mykiss
PEC50 P.promelas
pPEC50 P.promelas

pEC50 D.magna, - GATS1e
pEC50 P.promelas, AATSCOv
pEC50 D.magna, ATS4s
pEC50 O.mykiss, AATS7p

n=50, r=0.88
n=34, r=0.95
n=42, r=0.86
n=34, r=0.95

Sangion&Gramatica
(2016)1

Contaminants of
Emerging Concern (
pharmaceuticals and

personal care products

(PPCPs), UV filters,
hormones and
endocrine disrupting
chemicals (EDCs),
pesticides and
surfactants etc.)

pLC50japonica

pLC50P.promelas:

pLC50D.magna, BO8[C-O], -
BO9[N-QO]

C-006, -H-052, -
pLC50japonica

Ny=36, Nest=11,
R?adj=0.66, R?pred=0.88

Ne=15,Nest=4, Rzadj:0-76;
Rzpred:0.84

Hossain&Roy(2018)*

CECs

pLC50, D.
japonica

pEC50 D.magna

Ne=19, Ntest=7,
Rzadj = 0.706, Rzpred =
0.839

Onlii &Sagan (2018)!12

Pharmaceuticals

fish Brachydanio
rerio

Algae
Scenedesmus
subspicatus

-CATS3D_05DP, algae
toxicity

C-019, fish toxicity

C%, algae toxicity

ntr:70,ntest:20, R220.74,
Rzpred:0-76,
Ny=67,Nwest=23, R?=0.725,
Rzpredzo.sl
Ny=76,Nwest=20, R?=0.701,
Rzpred:0.704
ntr:73,ntest:23, R220.66,

Khan et al.(2019)%

Daphnia magna RZpreq=0.81
SHBInt3, daphnia toxicity Ne=73,Nest=22, R?=0.76,
Algae RZpreq=0.79
CATS_3D_15DL, daphnia Ne=71,Nes=24, R?*=0.72,
Fish toxicity RZpreq=0.78
Daphnia -ATSCT7c, Fish toxicity
Industrial chemicals log LC50 log LC50 ZFET (Zebrafish n=258 R? = 0.63 Zhu et al.(2018)%%"
AFT(acute fish embryo toxicity)
toxicity)
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S2. Kowmine package and keyphrase extraction

The automated text mining procedure is presented in Figure S4. To perform the procedure, a
python-based knowmine package was developed. The main idea behind the package is to extract
sentences that have the defined main toxicity terms and connection words in key phrases of the
sentence. The package consists of several modules: FilesReader, TextExtractor,
AllSentencesExtractor, — KeywordsExtractor,  RelevantSentencesExtractor — and  QOutput-

fileGenerator.

The FilesReader module provides a function accessing the files in a User-provided folder and
returning the list of file names. The TextExtractor module allows to extract and clean text from
the pdf articles. The AllSentencesExtractor module provides functionality to extract sentences
from the texts of the articles. The RelevantSentencesExtractor module identifies the sentences
containing the provided main terms and connection words as keywords of the sentence. The
KeywordsExtractor module performs the keywords extraction. To reduce the computational time
of the process, only the sentences containing the main terms are considered for the keyphrase
extraction. The KeywordsExtractor utilizes a pke module applying an extraction model. The
extraction model used in the current study was a graph-based Single Rank model®. However,
several unsupervised (statistical and graph-based) and supervised models are available (feature-
based models)°. The statistical methods are based on term frequency calculation. The graph-based
models build a word graph where nodes correspond to words and edges correlate to word
association patterns. The highest value nodes are ranked by graph centrality measures and are
considered the keyphrases®®’. The benefit of the graph-based models for the current study is the

possibility to specify part-of-speech tags (word labels corresponding to a part of speech: noun,
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verb, adjective, etc.) for the candidate words. The supervised models have been trained on the

SemEval-2010 dataset®°!.

The choice of the Single Rank model for the current study was motived by the results of a simple
sensitivity analysis (Tables S8 and S9). The analysis was performed on six different models,
including the latest statistical model (YAKEZ??), four graph-based models (TopicRank>*,
SingleRank®, PositionRank?®, and MultipartiteRank?*), and one supervised model
(WINGNUS?%). The default model parameters were used except for the graph-based model, where
pronouns were removed, and verbs were included as valid parts of speech. No grammar was

defined for the PositionRank model.

Extraction model

Key phrase

extraction

Key

Sentences with
phrases

main terms

Extraction of Extraction of
[ text and single relevant =8

Py sentences sentences Set of
e O relevant
Jiles sentences

Sentences

Main terms,
connection words

Connection words = ["increas"”, "decreas", "relat",
"correlat”, "structure", "fragment", “class",
"significant", "high", "affect”, "low", "link", "reason",
"determin”, "predict”, "influence", "severe", "depend"]

Main terms = ["toxicity","acute", "LC50", "EC50"]

Figure S4. The automated text mining procedure

First, models were applied to extract key phrases from short texts (containing 1-2 sentences).
The evaluation of the results (Table S8) showed that the extracted key phrases differ more when

the text is longer (2 sentences). It can also be seen that in the case of YAKE, some of the words
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are repeated. The key phrases extracted by WINGNUS contain only nouns and adjectives. Since
the WINGNUS model is based on the pre-trained model, altering the parameters is not easy. Thus,
it was decided to proceed with the graph-based models. The four models were applied to several
articles to select one of the graph-based models. The similar number of sentences were extracted
by the applied models (Table S9). The manual evaluation of the extracted sentences showed a

slightly better performance of the Single Rank model.

OutputfileGenerator helps generate the output file of the desired format (SQLite database or
excel) containing the path to the file, extracted sentences, number of sentences in the original text
(after the cleaning), and number of the extracted sentences. The result “Extracted sentences” file
is generated in the User-provided folder containing the files for mining. In case there are no
extracted sentences, the article file might be unreadable by the implemented pdf mining packages

and require a different solution like image recognition or manual sentence extraction.

The knowmine package is available for installation via pip, the source files can be retrieved

from https://github.com/GulnaraSh/Knowledge-mining-python
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Table S8. Results of the different key phrase extraction models by the pke-package applied to short texts prior to the method presented

in Figure S4 (i.e., unsupervised methods in terms of predefined keywords and main terms).

Texts Yake TopicRank SingleRank PositionRank MultipartiteRank WINGNUS

Their concentrations in the [‘industrial [‘highest, [‘industrial [‘urban regions, [‘highest, ['urban regions',
environment, particularly activities take, environment, activities take continuous environment, ‘continuous
highest in towns and urban activities take industrial place, continuous | combustion, towns, urban combustion', 'fossil
regions, are highest, where place, urban activities take combustion, fossil fuels, regions, industrial | fuels', 'industrial
the continuous combustion of | regions, confined | place, towns, fossil fuels, urban | industrial activities take activities', 'towns',
fossil fuels and industrial environments, fossil fuels, urban | regions, confined | activities, place, fossil fuels, | ‘concentrations',
activities take place in dense | particularly regions, environments, concentrations, continuous ‘environment',
and confined highest, continuous highest, dense, towns, combustion, ‘place]
environments?°, continuous combustion, towns, environment, dense,

combustion, dense, environment, place, concentrations,

fossil fuels, concentrations’] concentrations’] environments’] confined

activities take, environments’]

take place,

highest’]
However, the concentration [‘pahs may [‘industrial [‘industrial [“oil spills, [‘industrial [“oil spills, industrial
of PAHs may become become, may catastrophes, catastrophes, industrial catastrophes, oil catastrophes, regular
excessively high upon the become degradation, industrial waste, catastrophes, spills, regular dumping, pahs,
occurrence of oil spills, excessively, transformation, pahs may industrial waste, dumping, industrial waste,
industrial catastrophes, and become return, oil spills, become, oil spills, | regular dumping, | degradation, viable condition,
regular dumping of industrial | excessively high, | require decades, require decades, occurrence, occurrence, concentration,

waste (Jung et al. 2011; Vidal
et al. 2010) and lead to the
formation of super-
agglomerates and
contaminated areas, which
require decades of
transformation and
degradation to return to
normal and viable
condition?%,

excessively high
upon, pahs may,
industrial
catastrophes,
industrial waste,
oil spills, may
become,
excessively
high’]

normal, pahs may
become, regular
dumping,
occurrence’]

contaminated
areas, regular
dumping, -
agglomerates,
viable condition,
transformation’]

concentration,

pahs, formation,
viable condition,
transformation’]

transformation,
return, pahs may
become, high,
require decades’]

occurrence, decades,
formation’]
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PAHs are also rigorously
produced by natural processes
such as volcanic activity and
generic combustion of
biomasses and take their
place in the natural chains of
chemotransformation,
through absorption and
biotransformation in
microorganisms in aquatic
and soil ecosystems. In soil
samples for instance, several
bacterial species have been
found to be able to degrade
small and medium-sized
PAHs (2,3-5-6) (Zhang et al.
2006; Johnsen et al. 2005;
Chaudhary et al. 2011; Song
et al. 2011)2%,

[‘also rigorously
produced, also
rigorously,
rigorously
produced,
volcanic activity,
generic
combustion,
biotransformatio
nin
microorganisms,
natural
processes,
natural chains,
soil ecosystems,
natural’]

[‘soil ecosystems,
microorganisms,
biotransformation
, aquatic, take,
absorption, pahs,
biomasses,
natural chains,
generic
combustion’]

[‘natural
processes such,
several bacterial
species, soil
samples, soil
ecosystems,
natural chains,
generic
combustion,
volcanic activity,
degrade small,
sized pahs, able’]

[‘sized pahs,
natural processes,
pahs, natural
chains, volcanic
activity, generic
combustion,
several bacterial
species, soil
samples, soil
ecosystems,
biomasses’]

[‘pahs, soil
ecosystems,
aquatic,
microorganisms,
take, generic
combustion,
biomasses,
biotransformation
, natural chains,
place’]

[‘pahs, volcanic
activity, generic
combustion, natural
processes, natural
chains, biomasses,
chemotransformation
, several bacterial
species, soil
ecosystems,
absorption’]

During the aftermath of such
disasters, the
biotransformation and
biodegradation processes that
take place are mainly carried
out by PAH-degrading fungi
and bacteriand chemical
processes, which have
limitations in context with the
damage caused?®,

[‘bacteriand
chemical
processes,
degrading fungi,
damage caused,
take place,
mainly carried,
bacteriand
chemical,
biodegradation
processes,
chemical
processes, pah,
processes’]

[‘biodegradation
processes, take
place, bacteriand
chemical
processes,
context,
limitations,
degrading fungi,
biotransformation
, carried, damage
caused,
aftermath’]

[‘bacteriand
chemical
processes,
biodegradation
processes, take
place, degrading
fungi, such
disasters, damage
caused, carried,
limitations,
biotransformation
, context’]

[‘bacteriand
chemical
processes,
biodegradation
processes, such
disasters,
biotransformation
, aftermath, place,
limitations, fungi,
context, damage’]

[‘biodegradation
processes, take
place, bacteriand
chemical
processes,
context,
limitations,
degrading fungi,
biotransformation
, carried, damage
caused,
aftermath’]

[‘such disasters,
aftermath,
biodegradation
processes,
biotransformation,
bacteriand chemical
processes, pah, fungi,
damage, place,
context’]
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For instance, biodegradation
of PAHSs require specific
temperatures, pressures, and
chemical (nutritive)
environments to give fast-
progressing transformation of
the hazardous organic matter
to carboxylic acids and CO2
(Pandey et al. 2012)2°%,

[‘pahs require
specific, require
specific
temperatures,
hazardous
organic matter,
pahs require,
specific
temperatures,
give fast,
progressing
transformation,

[‘pahs require
specific
temperatures,
environments,
chemical, give,
pressures,
hazardous organic
matter, carboxylic
acids,
biodegradation,
progressing
transformation,

[‘pahs require
specific
temperatures,
hazardous organic
matter,
progressing
transformation,
carboxylic acids,
pressures,
chemical, give,
environments,
biodegradation,

[‘specific
temperatures,
hazardous organic
matter, instance,
pressures, pahs,
biodegradation,
environments,
carboxylic acids,
transformation,
c02’]

[‘pahs require
specific
temperatures,
environments,
chemical, give,
pressures,
hazardous organic
matter, carboxylic
acids,
biodegradation,
progressing
transformation,

[‘specific
temperatures,

biodegradation, pahs,

hazardous organic
matter, carboxylic

acids, pressures, co2,

instance,
transformation,
environments’]

require specific, | instance’] instance’] instance’]

hazardous

organic, organic

matter’]
Degradation of small and [‘bacterial [‘requires [‘sub - aquatic [‘sized pahs, [‘degradation, [‘sized pahs, fungi
medium-sized PAHSs has also | serratistrains, chemical oxygen, requires pahs, degradation, | sized pahs, phanerochaete,
been successfully carried out | fungi decomposition, chemical bacterial requires chemical | bacterial
by the fungi Phanerochaete phanerochaete, degradation, sized | decomposition, serratistrains, decomposition, serratistrains,
and the bacterial sized pahs, pahs, oxidation, sized pahs, pahs biological medium, biodegradation, pahs,
Serratistrains (Johnsen et al. successfully biological larger, biological | processes, fungi biological coronene, chemical
2005; Horel et al. 2012; Yan | carried, processes, processes, phanerochaete, processes, small, | decomposition, -
et al. 2004; Pandey et al. serratistrains, impossible, time, | oxidation, time, biodegradation, addition, aquatic oxygen,
2012); however, phanerochaete, addition, chemicals, chemical oxidation, biological processes,
biodegradation of PAHs pahs larger, pahs, | biodegradation, addition, decomposition, impossible, time’] | chemicals’]
larger than coronene (more aquatic oxygen, difficult’] impossible’] oxidation,
than 7 benzene rings) is biological addition’]
difficult if not impossible to processes
degrade by biological solely’]

processes solely and requires
chemical decomposition
either by addition of
chemicals or oxidation over
time from atmospheric or
sub-aquatic oxygen?°.
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In this context, geological [‘geological [“full remediator, | [‘such large, [‘full remediator, | [“full remediator,
processes represent processes heavy pahs, examples such, geological disasters,
eventually the full remediator | represent, geological geological processes, geological
of disasters of such large and | processes processes processes persistent scale, processes
persistent scale, whereas represent represent, sand represent, sand drilling, represent, heavy
examples such as QOil-sand eventually, heavy | drilling, soil, persistent scale, context, disasters, | pahs, sand
drilling in Canada show no or | pahs, geological | disasters, oil, full remediator, low remediation, | drilling, context,
low remediation of heavy processes, groundwater low remediation, | heavy pahs, oil, persistent
PAHs in the soil and persistent scale, reserves, context, | sand drilling, examples, oil’] scale, soil, low
groundwater reserves whereas persistent scale’] | heavy pahs, remediation’]
(Wayland et al. 2008; examples, sand groundwater
Deepthike et al. 2009)2%, drilling, reserves,

groundwater disasters’]

reserves,

processes

represent,

represent

eventually’]
A complete removal of the [‘resistant [‘damaging, [‘local biotis [‘resistant organic | [‘damaging, [‘resistant organic

most resistant organic species
is often not feasible without
damaging the environment to
such an extent that the local
biotis affected from the DNA
level for generations to
come?%,

organic species,
feasible without
damaging, local
biotis affected,
dna level,
complete
removal,
resistant organic,
organic species,

environment,
generations, dna
level, feasible,
local biotis
affected, extent,
come, resistant
organic species,
complete
removal’]

affected, resistant
organic species,
dna level,
complete
removal,
environment,
extent, damaging,
feasible,
generations,

species, complete
removal, local
biotis, dna level,
environment,
extent,
generations’]

environment,
generations, dna
level, feasible,
local biotis
affected, extent,
come, resistant
organic species,
complete
removal’]

species, complete
removal, local biotis,
dna level, extent,
environment,
generations’]

feasible without, come’]

without

damaging, local

biotis’]
Given that the direct [‘direct [‘type, chemical [‘such [‘direct [‘type, chemical [‘pah, direct
interaction with DNA is interaction, properties, pahs, degradation interaction, properties, interaction, dna,
specifically related to the type | specifically assessed, processes, complete measured, pahs, complete profiling,
of PAH (nitro, oxy, bay- related, also measured, chemical profiling, such assessed, such degradation
region, acene, etc.), the electronic important, properties, degradation important, processes,
complete profiling of types of | properties, pah, complete complete processes, type, structure, metabolites,
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PAHSs and metabolites from nitro, oxy, bay, profiling, profiling, types, complete chemical properties,
such degradation processes region, acene, metabolites, nondegraded metabolites, profiling, electronic properties,
and from the nondegraded etc’] nondegraded fractions, chemical nondegraded type, fractions’]
fractions are important to be fractions, electronic properties, pahs, fractions,
assessed and measured structure’] properties, direct | electronic metabolites’]
against their chemical interaction, properties,
properties, structure, and also metabolites, fractions’]
electronic properties?®, important, types,

related’]
This review adds information | [‘review adds [‘aromatic [‘introducing [‘crucial [‘aromatic [‘crucial electronic
to this quest, by introducing information, compounds, crucial electronic | electronic aspects, | compounds, aspects, quest,
crucial electronic aspects of introducing found, regions, aspects, aromatic | aromatic found, regions, aromatic compounds,
aromatic compounds crucial introducing compounds, compounds, introducing such disasters,
frequently found in regions electronic, crucial electronic | review adds quest, review, crucial electronic | review, information,

and areas exposed to such
disasters?%.

crucial electronic
aspects, aromatic

aspects, areas
exposed, quest,

information, areas
exposed, such

information, such
disasters, regions,

aspects, areas
exposed, quest,

regions, areas’]

compounds review adds disasters, found, areas’] review adds

frequently, information’] regions, quest’] information’]

compounds

frequently found,

review adds,

adds information,

introducing

crucial, crucial

electronic,

electronic

aspects’]
The results of the deposition [‘give [‘give devastating | [‘give devastating | [‘such [‘give devastating | [‘such extraordinary
of PAHs in the environment devastating damages, fish, damages, such extraordinary damages, fish, cases, deposition,
in such extraordinary cases damages, bird, affected extraordinary cases, devastating | bird, affected pahs, devastating
have been found to give extraordinary regions, decades, | cases, wild life, damages, regions, decades, | damages, wild life,
devastating damages to fish, cases, give wild life, pahs, affected regions, | environment, wild life, pahs, affected regions,
bird, and wild life in the devastating, deposition, found, | bird, fish, found, | wild life, deposition, found, | bird, results,
affected regions for decades devastating last’] environment, deposition, last’] environment,
to last (Neff et al. 2011)2°%, damages, wild pahs, deposition’] | results, pahs, decades’]

life, affected

affected regions,
bird, decades’]
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regions, neff,
bird, pahs, fish’]

Short to long chain alcohols [’long chain [‘aquatic life [caquatic life [’long chain [caquatic life [’long chain alcohols,
have a range of ecotoxicity to | alcohols, aquatic | driven, driven, long chain | alcohols, aquatic | driven, aquatic life,
aquatic life driven by life driven, ecotoxicity, alcohols, life, hydrophobic | ecotoxicity, ecotoxicity,
hydrophobic interactions with | biological hydrophobic hydrophobic interactions, hydrophobic hydrophobic
biological membranes?”’. membranes, long | interactions, interactions, ecotoxicity, interactions, interactions,

chain, chain range, long chain | biological range, biological | range, long chain | biological

alcohols, aquatic | alcohols, membranes, membranes’] alcohols, membranes, range’]

life, life driven, biological ecotoxicity, biological

hydrophobic membranes, range, short’] membranes,

interactions, short’] short’]

short,

membranes’]
Furthermore, there is a linear | [‘aquatic toxicity | [‘increase, [‘aquatic toxicity | [‘chronic [‘increase, [‘linear relationship,
relationship between both increases, hydrophobicity, increases, chronic | toxicities, linear hydrophobicity, chronic toxicities,
acute and chronic toxicities toxicity chronic toxicities, | toxicities, linear relationship, chronic toxicities, | logkow, aquatic
and LogKow, suggesting that | increases, linear | acute, suggesting, | relationship, aquatic toxicity acute, suggesting, | toxicity increases,
with the increase of relationship, linear increase, increases, linear hydrophobicity,
hydrophobicity the aquatic acute and relationship’] suggesting, acute, | increase, relationship, increase’]
toxicity increases®®, chronic, chronic hydrophobicity’] | hydrophobicity, aquatic toxicity

toxicities, aquatic logkow’] increases’]

toxicity,
furthermore,
logkow,
toxicities and
logkow,
suggesting’]
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Aldehydes, alcohols and
acids, as well as the parabens
used as preservatives, are

[‘present
moderate
toxicity, aquatic

[‘present
moderate toxicity,
alcohols,

[‘present
moderate toxicity,
parabens used,

[‘present
moderate toxicity,
acids, alcohols,

[‘present
moderate toxicity,
alcohols,

[‘aldehydes, acids,
alcohols, parabens,
present moderate

readily biodegradable and life, parabens preservatives, aquatic life, aldehydes, preservatives, toxicity, aquatic life,
present moderate toxicity to used, readily biodegradable, biodegradable, parabens, biodegradable, preservatives’]
aquatic life?®, biodegradable, parabens used, preservatives, preservatives, parabens used,

present acids, aldehydes, | acids, alcohols, aquatic life’] acids, aldehydes,

moderate, aquatic life’] aldehydes’] aquatic life’]

moderate

toxicity,

aldehydes,

alcohols, acids,

preservatives’]
This paper reveals that the [‘predict whole [‘predict whole [‘fish embryo [‘fish embryo [‘predict whole [‘fish embryo
fish embryo toxicity can be fish, fish embryo | fish toxicity, toxicity can, toxicity, whole fish toxicity, toxicity, whole fish

used to predict whole fish
toxicity for most of
compounds*®’,

toxicity, whole
fish toxicity,
paper reveals,
predict whole,
fish embryo,
embryo toxicity,
whole fish, fish
toxicity,
compounds’]

used, compounds,
paper reveals’]

predict whole fish
toxicity, paper
reveals, used,
most,
compounds’]

fish toxicity,

paper,
compounds’]

used, compounds,
paper reveals’]

toxicity, paper,
compounds’]

The aim of this study was to
build a QSAR model-based
set of theoretical molecular
descriptors using acute fish
toxicity values for
compounds defined as MoA 1
to identify the molecular
properties related to this
mechanism and predict the
fish toxicity of untested
compounds®.

[‘untested com-
pounds, oretical
molecular
descriptors,
descriptors using
acute, using
acute fish, acute
fish toxicity, fish
toxicity values,
molecular
descriptors using,
molecular
properties lated,

[‘compounds
defined, predict,
fish toxicity,
molecular
properties related,
mechanism,
model, build,
identify, based
set, study’]

[‘theoretical
molecular
descriptors using
acute fish toxicity
values, molecular
properties related,
fish toxicity,
compounds
defined, based
set, untested
compounds,
model, predict,

[‘theoretical
molecular
descriptors, fish
toxicity,
molecular
properties,
untested
compounds, gsar
model, aim, set,
study,
compounds,
mechanism’]

[‘compounds
defined,
molecular
properties related,
fish toxicity,
predict, model,
mechanism,
identify, build,
based set, study’]

[‘theoretical
molecular
descriptors, gsar
model, acute fish
toxicity, molecular
properties, moa, fish
toxicity, untested
compounds,
compounds, aim,
study’]

66



gsar model, fish

mechanism,

toxicity’] identify’]
Furthermore, ionized [‘ionized [‘action, different | [‘ionized [‘biological [caction, different | [‘ionized
compounds may exhibit compounds may, | mode, neutral compounds may membranes, mode, neutral compounds, stronger
stronger interactions with compounds may | counterparts, exhibit stronger ionized counterparts, interactions,
biological membranes than exhibit, may cause toxicity, interactions, other | compounds, cause toxicity, biological
other narcotics, or cause exhibit stronger, | biological narcotics, stronger biological membranes, other
toxicity by an entirely exhibit stronger membranes’] biological interactions, other | membranes’] narcotics, neutral
different mode of action than | interactions, membranes, narcotics, counterparts,

their neutral counterparts?®,

entirely different
mode, neutral

cause toxicity,
different mode,

different mode,
toxicity, neutral

different mode,
toxicity, action’]

counterparts, neutral counterparts,
compounds may, counterparts, action’]
may exhibit, action’]
exhibit stronger,
stronger
interactions’]
Among standalone, user- [‘operated tools [‘user, operated [‘operated tools, [‘other [‘user, operated [‘tools ecosar,

operated tools ECOSAR
outperforms the other
algorithms. When using any
of these tools, users must be
careful to consider the
applicability domains and
solubility warnings, which
are not always available in
batch mode?°.

ecosar, tools
ecosar
outperforms,
among
standalone,
ecosar
outperforms,
tools ecosar,
operated tools,
user, ecosar,
among,
standalone’]

tools, consider,
careful,
applicability
domains,
solubility
warnings,
outperforms,
available, using,
standalone’]

solubility
warnings,
applicability
domains, users
must, other
algorithms, tools,
batch mode,
careful, using,
consider’]

algorithms, tools
ecosar, tools,
user, applicability
domains,
solubility
warnings, Users,
batch mode’]

tools,
outperforms,
standalone,
careful, consider,
applicability
domains, users
must, using,
tools’]

solubility warnings,

other algorithms,
applicability
domains, batch

mode, user, tools’]
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Table S9. Number of relevant sentences obtained from articles by different key phrase extraction models.

TopicRank SingleRank PositionRank MultipartiteRank
Abe et al. (2001)?!! 16 16 7 15
Ahlers et al. (2019)!2 17 17 10 18
Cassotti et al. (2014)?"3 24 24 11 23
Dimitrov et al. (2003)'?8 15 17 12 16
Mangzetti (2012)?% 2 2 2 2
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S3. Models

The nearest neighbors were identified in two ways: a Tanimoto similarity*'* between
molecular fingerprints and a Manhattan distance?'* between the molecular descriptor
vectors representing the molecules. The optimal number of neighbors was obtained via a
cross-validation procedure (CV)!. The CV for the standard models was performed as
follows: the dataset was divided into an external test and training data (according to an
external set ratio). The training data were then further divided into the test and the training
set (according to the CV ratio). The test set was used to find the number of neighbors
giving to the highest value of Spearman rank-order correlation coefficient Spr (Spearman-
based) or the coefficient of determination R? (R?-based). The number of neighbors tested
was: 2, 3,4,5,6,7,8,10, 12, and 14. The kNN model was then applied to the left-out
external test to obtain the toxicity predictions. The procedure was applied 100 times for
various external set and CV ratios. The ratios used were the same for the External set and
CV: 0.05, 0.1, 0.15, 0.2, 0.25, 0.3. The CV for the hybrid model followed the same
procedure but with the reduced variation in external set and CV ratios to decrease the
computational time. The best and worst-performing ratios in the CV procedure for the
standard models were selected as the external set ratios (0.1 and 0.2 for the descriptor-
based and 0.2 and 0.3 for the fingerprint-based models. The middle values were

considered for the CV, leading to 0.2 as the CV ratio.

Tables S10 and S12 summarize the cross-validation (CV) results of the standard kNN
models: the most frequently appearing number of neighbors giving the highest score (R?
or Spr_m) and the average values of R? and Spr coefficients. Tables S11 and S13 show
the performance of the models when they are applied to the external left-out test set,

which was not used for the CV procedure.
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The results led to selection of the number of neighbors for the final models. The
predictions made by the final models were used for evaluation by the knowledge rule
metric and comparison with the performance of the hybrid models using the prior

knowledge (See Tables S14 and S15).

The descriptors, fingerprints and Tanimoto similarity were calculated with the help of
the open-source cheminformatics tool RDKit?!>. The RDKit Descriptors module
calculated 200 descriptors, the removal of descriptors having zero values for all the
molecules resulted in 93 descriptors used as molecular vectors. The Fingerprints used in
this work were 1024-bit Morgan fingerprints with a radius of 2. For the hybrid model H1
with the variable selection as well as for the prior rules-based metric H4 additional
descriptors not calculated by the RDKit (GATS1p, AATSCOp, SHBd, maxHBint2,
ETA dEpsilon_A, Mi, GATS1i, ETA Alpha, ETA EtaP_B) were computed with the
help of PaDELPy?*!%. Table S16 gives the full names of the descriptors used for the rules-

based metric H4.

The estimation of toxicity was performed by Eq. (1)*!7!8 for the case of the standard
fingerprint-based models with the Tanimoto similarity and as an average of the neighbors’
toxicity values for the final standard descriptor-based models and all the hybrid models.
In the context of this work, hybrid models are the kNN models developed using prior
knowledge'. No significant difference was observed if the average or similarity weighted

approach was used; thus, the average approach was used for most of the models.

Sil

Yprei = Zf:lzk—s * Yi,db (1)
j=1°1]

where Yy, ; is the prediction of the property of molecule 7, S;; is a similarity value

between molecule i for which property predictions are sought and a molecule /, found in
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a database, for which the desired property value y, 4, is available, and £ is the number of

the similar neighbors used in the prediction.

Manhattan distance was computed by Eq.(2)":

dy = Xizqlx — yil (2)

where x;,y; — i -th descriptors of molecular vectors x and y.

Use of prior knowledge (general schemes)

The prior knowledge could be applied before, during, and after the actual KNN (or other
ML data science) approach'. For example, knowledge can be used to preprocess the data
or select the model predictor variables before the modeling. During the data
preprocessing, a rule identified in the literature can be applied to remove some molecules
exhibiting deviance from the rule behavior The predictor (variable) selection can be
performed based on the importance of molecular indicators and properties learned from
the knowledge extraction. The initial set of descriptors can be reduced to a few more
strongly correlated with the toxicity, for example. Another option is to cluster the data
following the knowledge rules (e.g., based on the MoA or chemical class) and build a

model for every cluster.

Different schemes presenting examples of how the knowledge can be incorporated into
the predictive models are shown in Figure S5. Scheme 1 (Figure S5a) depicts an example
where the prior knowledge model’s (PKM), e.g., QSAR, error information, is used as an
input for the data science model. Scheme 1 is a suitable form when a relatively good PKM
exists but needs to be fine-tuned; its linear form is not good for all types of estimates

and/or it does not consider some important parameters.
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Figure S5. Examples of knowledge incorporation schemes. DSM: data science model,

PKM: prior knowledge model

In the scheme 2 (Figure S5b), the predictions computed by either standard (DSM) or
PKM are selected as final toxicity predicted values based on a conditional rule or rules
retrieved from the knowledge base. Scheme 2 might be relevant when a good PKM model
exists; however, it is weak in some areas of the variable domain. Another alternative is
that PKM safeguards for alerts, etc., a good DSM (standard data science model) (this can

also be categorized as post-processing).

Scheme 3 implies the use of the PKM to guide the DSM prediction or vice versa.
Scheme 3 (Figure S5c) is a suitable form when the DSM uses PKM results to impose
monotonicity, alerts, exceptional cases, etc. Scheme 4 (Figure S5d) could be used when

a good PKM model exists, but some of its parameters (e.g., constants) can be fine-tuned.

The knowledge can also be used after the results of the models are obtained. Among
the possible options are model validation/selection/adjustment based on a prior

knowledge-based set of rules, extraction of new rules to complement the prior knowledge,
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and interpretation of the results. The set of rules established from prior knowledge can
provide a new dimension for the evaluation of the model performance, additionally to

standard metrics of model accuracy'.
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Table S10. Average results of cross validation procedure of the descriptors-based models. N: most frequently appearing number of the neighbors

giving the best Spearman rank-order correlation coefficient Spr (Spearman-based) or coefficient of determination R? (R*-based). MARE: Mean

Absolute Relative Error. Standard deviation is given in parenthesis.

CvV 0.05 0.1 0.15 0.2 0.25 0.3
ratio
Spearman-based
N 6 8 5 5 7 6
Spr 0.954 (0.005) 0.955 (0.005) 0.955 (0.006) 0.955 (0.005) 0.957 (0.008) 0.955 (0.005)
MARE 0.955 (0.465) 0.933 (0.455) 0.960 (0.503) 0.946 (0.490) 0.973 (0.527) 0.933 (0.464)
R2-based
N 6 2 5 5 5 8
R? 0.873 (0.016) 0.874 (0.015) 0.875 (0.015) 0.874 (0.016) 0.880 (0.019) 0.875 (0.016)
MARE 0.942 (0.444) 0.925 (0.440) 0.964 (0.485) 0.940 (0.471) 0.983 (0.524) 0.946 (0.451)
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Table S11. Results of predictions for external test set made by the descriptors-based models (average values for different CV ratios are shown).
N: most frequently appearing number of the neighbors giving the best Spearman rank-order correlation coefficient Spr (Spearman-based) or

coefficient of determination R2 (R2-based). MARE: Mean Absolute Relative Error.

Extern_al 0.05 0.1 0.15 0.2 0.25 0.3
set ratio
Spearman-based
N 5 5 4 4 3 4
Spr 0.947 0.950 0.948 0.953 0.942 0.946
R? 0.825 0.840 0.860 0.857 0.848 0.834
MARE 1.426 0.619 0.917 0.784 0.809 1.089
R2-based
N 5 2 5 4 5 6
R? 0.830 0.815 0.855 0.857 0.850 0.845
Spr 0.947 0.937 0.947 0.953 0.945 0.948
MARE 1.577 0.656 0.831 0.755 0.777 1.073
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Table S12. Average results of cross validation procedure of fingerprint-based models N: most frequently appearing number of the neighbors giving

the best Spearman rank-order correlation coefficient Spr (Spearman-based) or coefficient of determination R2 (R2-based). MARE: Mean Absolute

Relative Error. Standard deviation is given in parenthesis.

C\_/ 0.05 0.1 0.15 0.2 0.25 0.3
ratio
Spearman-based
N 12 12 12 14 14 12
Spr 0.873 (0.011) 0.880 (0.012) 0.873 (0.011) 0.861 (0.008) 0.860 (0.009) 0.860 (0.008)
MARE | 3.054 (2.458) 3.085 (3.083) 3.059 (2.411) 3.088 (1.606) 3.135 (1.662) 3.264 (1.631)
R2-based
N 2 5 7 8 7 7
R2 0.755 (0.018) 0.767 (0.020) 0.755 (0.018) 0.730 (0.013) 0.731 (0.014) 0.731 (0.014)
MARE | 3.339(2.679) 3.085 (3.083) 3.086 (2.376) 3.145 (1.584) 3.234 (1.659) 3.174 (1.567)
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Table S13. Results of predictions for external test set by fingerprint-based models (average values for different CV ratios are shown) N: most

frequently appearing number of the neighbors giving the best Spearman rank-order correlation coefficient Spr (Spearman-based) or coefficient of
determination R2 (R2-based). MARE: Mean Absolute Relative Error.

External 0.05 0.1 0.15 0.2 0.25 0.3
set ratio
Spearman-based
N 14 14 12 12 14 12
Spr 0.863 0.854 0.854 0.855 0.850 0.841
R? 0.718 0.732 0.717 0.731 0.715 0.696
MARE 2.476 4.726 2.272 2.559 3.095 3.452
R2-based
N 7 2 5 12 7 6
R? 0.716 0.707 0.721 0.732 0.699 0.687
Spr 0.853 0.842 0.853 0.855 0.840 0.834
MARE 2.551 5.832 2.358 2.762 3.089 3.299
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Table S14. Average results of cross validation procedure hybrid models. N: most frequently appearing number of the neighbors giving the best

Spearman rank-order correlation coefficient Spr (Spearman-based) or coefficient of determination R2 (R2-based). MARE: Mean Absolute Relative

Error. Standard deviation is given in parenthesis.

Descriptor -based

Fingerprints-based

DESC_HO0 DESC_H1 FPN_H2 FPN_H3
CV ratio 0.2 0.2 0.2 0.2
Spearman-based

N 3 2 2 12

Spr 0.980 (0.002) 0.977 (0.004) 0.836 (0.016) 0.792 (0.019)
MARE 0.877 (0.665) 0.662 (0.459) 3.627 (2.302) 2.996 (1.408)

R2-based

N 3 2 7 14

R? 0.950 (0.005) 0.925 (0.011) 0.582 (0.048) 0.594 (0.033)
MARE 0.768 (0.567) 0.640 (0.440) 3.568 (2.311) 2.893 (1.368)
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Table S15. Results of predictions by hybrid models for external test set. N: most frequently appearing number of the neighbors giving the best

Spearman rank-order correlation coefficient Spr (Spearman-based) or coefficient of determination R2 (R2-based). MARE: Mean Absolute Relative

Error.
Descriptor -based Fingerprints-based
DESC_HO DESC_H1 FPN_H2 FPN_H3
Extern_al 0.1 0.2 0.1 0.2 0.2 0.3 0.2 0.3
set ratio
Spearman-based
N 3 3 2 2 12 2 14 12
Spr 0.982 0.976 0.977 0.982 0.810 0.790 0.757 0.763
R2 0.949 0.949 0.886 0.934 0.486 0.451 0.506 0.528
MARE 0.747 0.697 0.526 0.206 2.027 2.397 2.291 2.979
R2-based
N 7 3 2 2 12 7 14 14
R? 0.939 0.949 0.886 0.934 0.486 0.474 0.506 0.532
Spr 0.976 0.976 0.977 0.982 0.810 0.796 0.757 0.764
MARE 1.28 0.697 0.526 0.206 2.027 2.189 2.291 3.143
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Table S16. Names of the descriptors used in hybridization H4.

215,216

Descriptor

Full names

LogP (rdkit)

MolLogP, octanol—water partition
coefficient

MR (rdkit)

MoIMR, molar refractivity

GATSI1p (padel)

Geary autocorrelation - lag 1 / weighted
by polarizabilities

AATSCOp (padel)

Average centered Broto-Moreau
autocorrelation - lag 0 / weighted by
polarizabilities

TPSA (rdkit)

Topological polar surface area

SHBd

Sum of E-States for (strong) hydrogen
bond donors

maxHBint2

Maximum E-State descriptors of
strength for potential Hydrogen Bonds of
path length 2

ETA dEpsilon A

A measure of contribution of
unsaturation and electronegative atom

count
Mi (padel) Mean first ionization potentials (scaled
on carbon atom)
GATSIi (padel) Geary autocorrelation - lag 1 / weighted
by first ionization potential
MW (rdkit) ExactMolWt, Molecular weight

ETA_Alpha (padel)

Sum of alpha values of all non-hydrogen
vertices of a molecule

ETA EtaP_B (padel)

Branching index EtaB relative to
molecular size
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S4. Analysis of the outlier detection for the hybrid model HO.

For the hybrid model HO an outlier detection hypothesis based on single descriptor MW was
tested!. The idea was to use the visual (Figure S6) and Spearman coefficient (Spr)-based inspection
of molecules which could be potential outliers. According to prior knowledge, the toxicity of a
chemical increases with an increase in its MW. As seen in Figure S6, a correlation between the
MW and toxicity values can be observed, the Spearman value being 0.26. However, the correlation
seems to be stronger for the molecules with MW<300 g/mol. The removal of chemicals with
MW=>300 increases the Spr to 0.31 (Table S17). The computed Spr value for the 187 removed
molecules showed the opposite trend for these compounds (Spr = -0.36). The Spr coefficients
between the toxicity and other relevant for the aquatic toxicity descriptor values are presented in
Table S17. It can be seen that the MW-based outliers follow some of the identified rules (involving
logP, GATS1p, AATSCOp, TPSA, ETA dEpsilon_A, GATS1i, nC methoxy) better than the rest
of the dataset molecules. At the same time, the Spr correlation deteriorates for the descriptors MR,
SHBd, maxHBint2, MW, ETA_Alpha, nC amines and nN-CH3. Further examination of the
outliers (Table S18) showed that the outlier set consists of highly hydrophobic, toxic (T+PT)
compounds (logP >4) and chemicals with very low toxicity (NT). It should be noted that according
to ECHA “Guidance on Information Requirements and Chemical Safety Assessment™!®, for
certain lipophilic substances (with a Log Kow > 4) acute toxicity may not occur at the limit of the
water solubility of the substance tested leading to measurement problems. This can be a reason for
erroneous values in the set of outliers arising from estimations of LC50 values.

The outliers also show the increased MR, TPSA and ETA Alpha values compared to the
remaining molecules of the dataset. The group of toxic compounds consists of high MW amino

alcohols, amino ethers and a few diols and triols. The hydrophilic moiety such as functionalities
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like esters, aliphatic ethers, branching and higher oxygen content are reported to reduce toxicity*®,
which might explain the reduced toxicity values of the nontoxic compounds. Furthermore, non-
toxic compounds exhibit larger TPSA, which together with larger size (higher MW and
ETA Alpha) might hinder the ability of molecules to permeate the cells of the living organisms.
The analysis could be used for further division of the dataset and construction of more local models

(e.g., for high MW amino alcohols, amino ethers, diols and triols).

Database toxicity values - MW

Spr:0.26

In(LC/ECS0)

L 100 200 300 400 500 00 700 800
MW

Figure S6. Correlation of dataset toxicity (-In(LC50/EC50)) values with molecular weight.
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Table S17. Correlation between toxicity and relevant descriptors based on Spearman coefficient

(Spr) for the original data set, the 187 MW-based outliers and the dataset without the outliers

(highlighted values indicate Spr changes higher than +/- 0.05 and descriptors with “*” refer to

descriptors applicable only to certain classes of molecules).

Descriptor Spr of original | Spr for 187 Spr for the rest of
dataset outliers the dataset

LogP (rdkit) 0.86 0.91 0.87

MR (rdkit) 0.46 0.03 0.56

GATS1p (padel) -0.54 -0.78 -0.52

AATSCOp (padel) 0.81 0.93 0.81

TPSA (rdkit) -0.61 -0.80 -0.67

SHBd -0.5 -0.33 -0.54

maxHBint2 -0.17 0.04 -0.19

ETA dEpsilon_ A -0.89 -0.95 -0.91

Mi (padel) -0.66 -0.66 -0.67

GATSIi (padel) -0.54 -0.77 -0.53

MW (rdkit) 0.26 -0.36 0.31

ETA_Alpha (padel) 0.39 -0.13 0.47

ETA EtaP_B (padel) -0.05 -0.1 -0.03

nC amines primary & secondary* (586 | 0.59 0.18 (43 0.57 (543

molecules) molecules) molecules)

nC methoxy* (218 molecules) 0.06 0.19 (17 0.22 (201
molecules) molecules)

nN-CH3* (78 molecules) -0.45 -0.32 (4 -0.47 (74
molecules) molecules)
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Table S18. Mean descriptor values (with standard deviation) for the set of 187 outliers (divided

into T+PT and NT categories) and the rest of the dataset (highlighted values indicate noticeable

differences for the descriptors between the investigated subsets of outliers).

Descriptor Toxic outliers, T+PT | Non-toxic outliers Rest of the
(n=49) NT (n=138) dataset after the
removal of
outliers
-In(LC50/EC50) dataset 3.57 (1.33) -15.75 (5.76) -10.92 (4.13)
LogP (rdkit) 5.75 (0.84) 2.43 (2.26) 2.00 (2.04)
All >4
MR (rdkit) 108.14 (13.96) 114.90 (30.21) 49.85 (16.94)
GATS1p (padel) 1.60 (0.05) 1.78 (0.13) 1.70 (0.16)
AATSCOp (padel) 0.21 (0.002) 0.20 (0.006) 0.20 (0.01)
TPSA (rdkit) 41.11 (15.08) 85.95 (38.51) 28.82 (22.47)
SHBd 0.69 (0.41) 1.01 (0.78) 0.56 (0.61)
maxHBint2 0.05 (0.33) 0.02 (0.22) 0.11 (0.63)
ETA dEpsilon A 0.03 (0.01) 0.09 (0.04) 0.06 (0.05)
Mi (padel) 7.72 (0.01) 7.74 (0.02) 7.76 (0.05)
GATSIi (padel) 1.66 (0.08) 1.87 (0.15) 1.80 (0.24)
MW (rdkit) 349.44 (52.60) 423.23 (121.50) 165.34 (53.52)
ETA_Alpha (padel) 11.81 (1.65) 13.34 (3.68) 5.42 (1.84)
ETA EtaP B (padel) 0.006 (0.007) 0.008 (0.009) 0.02 (0.02)

Representative classes

Amino alcohols,
amino ethers, diols
and triols

Compounds with
amino, alcohol and
ether groups in the
same molecule

Alcohols, amines,
ethers
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The classification metrics of the 187 outliers for the selected standard and hybrid models (Table
S19) showed that their performance (i.e., based on classification and regression metrics) for the
outliers is worse compared to the values presented for the whole dataset (Table 4 in the main text).
The hybrid model H1 based on the descriptor selection shows the best results. Moreover, models
have a reduced performance with regards to toxic compounds compared to the nontoxic molecules
(Table S20). It should, however, be noted, that the performance metrics presented in Tables S19

and S20 (as well as in Table 4) are based on the dataset values, which are subjected to uncertainty.

Table S19. Performance of the selected models for the set of 187 MW-based outliers (highlighted

values indicate the best performing model).

Model Classification metrics Regression
Accuracy Precision Recall Spr m
DESC 5 0.65 0.82 0.82 0.72
DESC HI 2 0.68 0.84 0.85 0.93
FPN 2 0.48 0.74 0.78 0.78
FPN H2 7 0.51 0.74 0.59 0.58
FPN H3 12 0.32 0.59 0.57 0.28
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Table S20. Performance of the selected models for the set of 187 MW-based outliers divided into

sets of toxic (T+PT) and nontoxic (NT) molecules (highlighted values indicate the best performing

model).
Model Classification Regression
(Accuracy) (Spr_m)
T+PT NT T+PT NT
DESC 5 0.50 0.93 0.35 0.54
DESC H1 2 0.53 0.96 0.71 0.85
FPN 2 0.23 0.97 0.28 0.74
FPN H2 7 0.43 0.67 0.21 0.42
FPN H3 12 0.13 0.72 0.28 0.31
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