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The potential toxicity of ionic liquids (ILs) affects their applications; how to control the toxicity is one of
the key issues in their applications. To understand its toxicity structure relationship and promote its
greener application, six different machine learning algorithms, including Bagging, Adaptive Boosting
(AdaBoost), Gradient Boosting (GBoost), Stacking, Voting and Categorical Boosting (CatBoost), are
established to model the toxicity of ILs on four distinct datasets including Leukemia rat cell line IPC-81
(IPC-81), Acetylcholinesterase (AChE), Escherichia coli (E.coli) and Vibrio fischeri. Molecular descriptors
obtained from the simplified molecular input line entry system (SMILES) are used to characterize ILs. All

fr{ivcwﬁrgi}ds models are assessed by the mean square error (MSE), root mean square error (RMSE), mean absolute
Toxicity error (MAE) and correlation coefficient (R?). Additionally, an interpretation model based on SHapley
Machine learning Additive exPlanations (SHAP) is built to determine the positive and negative effects of each molecular
Model feature on toxicity. With additional parameters and complexity, the Catboost model outperforms the
Prediction other models, making it a more reliable model for ILs' toxicity prediction. The results of the model's
Interpretation interpretation indicate that the most significant positive features, SMR_VSA5, PEOE_VSAS8, Kappa2,

PEOE_VSAG6, SMR_VSA5, PEOE_VSAG6 and EState_VSA1, can increase the toxicity of ILs as their levels rise,
while the most significant negative features, VSA_EState7, EState_VSA8, PEOE_VSA9 and FpDensity-
Morgan1, can decrease the toxicity as their levels rise. Also, an IL's toxicity will grow as its average
molecular weight and number of pyridine rings increase, whereas its toxicity will decrease as its
hydrogen bond acceptors increase. This finding offers a theoretical foundation for rapid screening and
synthesis of environmentally-benign ILs.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All
rights are reserved, including those for text and data mining, Al training, and similar technologies.

1. Introduction

Ionic liquids (ILs) are novel liquid compounds composed of
specific cations and anions, they exist as liquids at or near room
temperature. They possess high electrical conductivity, high ther-
mal stability, low volatility, and they are non-polluting and easily
recyclable. ILs are extensively employed in the fields of energy,
separation, electrochemistry, greenhouse gas capture, catalysis,
medicines and other fields [1—3]. Although ILs have many excellent
properties, they are not completely non-toxic. Research indicates
that, some ILs are difficult to biodegrade; they may accumulate in
aquatic environments, posing potential hazards to both the
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ecological environment and human health. IL 1-octyl-3-
methylimidazolium was found in the soil around a landfill in
Northeast England, which could potentially trigger primary biliary
cholangitis [4]. Therefore, more attentions should be paid on the
safety and toxicity of ILs.

With the widespread applications of ILs, the range of their toxic
effects will also increase. How to control the toxicity of ILs is an
urgent issue to be addressed in their development and utilization.
The toxicity of ILs depends on the structure and composition of the
cations and anions. Over the past few years, numerous researchers
have investigated the toxicity of ILs. Jakubowska et al. [5] tested the
toxicity of five quaternary ammonium ILs on Vibrio fischeri and
other organisms, they found that the toxicity was dependent upon
the quantity of cations present in the molecule: the more cations,
the higher the toxicity. Jeremias et al. [6] studied the biotoxicity of
imidazolium and cholinium ILs on large water fleas through RNA
sequencing, their results indicated that the alkyl chain is a driving
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factor for the toxicity of ILs. Zhang et al. [7] used high-performance
liquid chromatography to study the acute toxicity of 1-hexyl-3-
methylimidazolium and 1-alkyl-3-methylimidazolium nitrate ILs
on zebrafish. They found that the most toxic was [C;,mim]NOs, and
the least toxic was [Comim]|NOs, which indicates that ILs with
longer alkyl chain lengths have greater acute toxicity impact on
aquatic organisms. Although experiments can somewhat analyze
the toxicity of ILs, the variety of ILs is vast, with up to 1 trillion types
[8]. Using the Microtox Toxicity Test kit, Villanueva et al. [9] eval-
uated the acute toxicity of six ammonium ILs with increasing alkyl
chain length (n =2, 3,4, 5, 6, 8). They discovered that the toxicity of
ILs rose with the length of the alkyl chain. Relying solely on
experimental methods to explore the potential toxicity of ILs is far
from sufficient. Machine learning, with its efficient and accurate
predictive capabilities, has been applied in recent years to the study
of ILs' melting points [10,11], ILs' capture of acidic gases [12—17] and
other areas [18—20]. Machine learning can also effectively analyze
and study the potential toxicity of ILs [21]. Fan et al. [22] modeled
the toxicity of ILs to Vibrio fischeri using two machine learning
techniques: Random Forest and eXtreme Gradient Boosting. It was
shown that the machine learning approach was a useful tool for
forecasting and completing the toxicity data for ILs. Zhao et al. [23]
established a comprehensive database of ILs' toxicity containing
over 4000 data points. Based on this database, they predicted the
toxicity (ECsg values) of several ILs using support vector machine
(SVM) and multiple linear regression (MLR) on the IPC-81 leukemia
rat cell line. The results showed that the SVM model is more reliable
for predicting ILs' toxicity and that raising the relative number of
oxygen atoms in the molecule can decrease the toxicity of ILs.
Sosnowska et al. [24] used 1 global and 6 local quantitative
structure-activity relationship models to predict the toxicity of the
IPC-81 leukemia rat cell line. They concluded that local models can
be used to address specific issues of a set of ILs, but for forecasting
the toxicity of a newly synthesized IL, a global model is recom-
mended. Cao et al. [25] used three models—MLR, SVM and extreme
learning machine (ELM)—to assess ILs' toxicity to the rat leukemia
cell line IPC-81. They used quantum chemistry to optimize the
structures of 21 anions and 57 cations, and they ultimately found
that the ELM model outperformed the other two models in the
prediction of ILs toxicity. Ma et al. [26] used least squares support
vector machine and genetic function approximation algorithms to
forecast the cytotoxicity of ILs composed of 9 cations and 44 anions
on rat cells (IPC81). They found that both models can be applied to
the estimation of cytotoxicity, and that cations were the main fac-
tors influencing cytotoxicity due to their hydrophobicity and spatial
structure. Yan et al. [27,28] conducted a systematic analysis of the
inhibition of acetylcholinesterase by 153 ILs utilizing molecular
simulation and machine learning. They concluded that combining
various machine learning methods could yield more reliable and
stable QSAR models, which gave aid to the design of the next gen-
eration of biosafe ILs. At the same time, the research group also
established a database on the toxicity of ILs, which includes 1183 ILs
and over 6700 different biotoxicity data points. Moreover, based on
this database, different machine learning models [27,28] have been
developed to examine the connection between ILs' toxicity and their
structure. This database provides a data foundation for machine
learning to accelerate the research on the toxicity of ILs.

Although there are some works applying machine learning
methods to the study of ILs' toxicity, research on the potential
toxicity to different organisms is still insufficient, and there are
two main issues. First, ILs are diverse, and their toxicity varies
across different organisms. Current studies mostly focus on the
toxicity of the IPC-81 leukemia rat cell line, with less research on
other systems. Second, the current machine learning models still
focus on toxicity prediction. Due to the limitations of traditional

machine learning, they lack the ability to explain the result and
analyze the molecular structures that influence the toxicity of ILs.
SHapley Additive exPlanations (SHAP) [29] is one of the most
promising tools for explaining any machine learning model's
output; it is able to measure each feature's contribution to the
model's prediction. SHAP values can be used to evaluate which
features are most crucial to the model and how they impact the
results. Based on a game-theoretic method, SHAP [29] connects
local explanations with the optimal credit distribution by utilizing
the classic SHapley values from game theory and their extensions.

In this work, six different machine learning models, including
Bagging [30], Adaptive Boosting (AdaBoost) [31], Gradient Boosting
(GBoost) [32], Stacking [33], Voting and Categorical Boosting (Cat-
Boost) [34,35], are constructed to forecast the toxicity of ILs on four
living organisms including Leukemia rat cell line IPC-81 (IPC-81),
Acetylcholinesterase (AChE), Escherichia coli (E.coli) and Vibrio
fischeri. We initially access each model's performance on four
different datasets. Further, we utilize the explanation model SHAP
to interpret the results and analyze the contributions of each feature
in the intelligent models. The outcomes of this work can be used for
the rapid screening of ILs' toxicity and accelerate the development
of ILs that are safe for the environment and biological systems.

2. Models and Methodology
2.1. Machine learning models

Six different machine learning techniques are employed to
determine the best way to estimate ILs' toxicity: Bagging [30],
AdaBoost [31], GBoost [32], Stacking [33], Voting and CatBoost
[34,35]. These algorithms are ensemble methods, which can bal-
ance out each model's weakness and build a more accurate model
during training.

Bagging [30] is an ensemble approach that fits base regressors
and creates a final prediction based on voting from its sub regressor.
The Decision Tree is selected as the base_estimator in this study.
There are 1000 base estimators, and the maximum depth of each
estimator is 5.

AdaBoost [31] reweights the training samples in an effort to
transform weak learners into strong learners. The Decision Tree is
likewise selected as the base_estimator in this study, and there are
1000 base estimators. The learning rate is 1.0; each regressor's
contribution rises with a higher learning rate.

GBoost [32], another boosting ensemble technique, enhances
the model by combining the Gradient Descent and Boosting algo-
rithms. It corrects the gradients of current weak learners in each
boosting step. In this study, the maximum depth of each regression
estimator is 5, the number of boosting stages is set to 1000 and the
learning rate is 0.1.

The stacking [33] approach is another ensemble technique that
uses the output of several regressors as input to a final regressor,
aiming at obtaining a more accurate model. It exploits the power of
each regressor. In this study, the basic regressors are trained using
Bagging [30], AdaBoost [31] and GBoost [32], whereas the final
estimator is the Random Forest algorithm [36,37].

The voting algorithm is an ensemble algorithm that averages the
individual predictions from a variety of machine learning tech-
niques to provide a final prediction. Four popular algo-
rithms—Bagging [30], AdaBoost [31], GBoost [32] and Random
Forest [36,37]—were combined in this study's voting method. To
balance out each algorithm's shortcomings and produce a more
accurate result, uniform weights were applied to the four algo-
rithms, which was ultimately decided by a simple majority vote.

CatBoost [34,35] is a sophisticated boosting package created
especially to solve the difficulties associated with managing
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categorical data in machine learning. Due to its capability to
generate high-performance models without requiring extensive
data preparation, CatBoost [34,35] is an open-source technique that
has gained a lot of popularity very rapidly. Because CatBoost [34,35]
can handle both numerical and categorical input characteristics
with initially ordered goal statistics, it is a better choice for jobs
requiring complex, real-world datasets. By including random per-
mutation into the ordered boosting, it can successfully avoid over-
fitting. In this study, the maximum number of trees is 300 and the
learning rate is 0.1.

2.2. Interpretability model of ILs' toxicity

After thorough parameter tuning, the machine learning model
can typically produce accurate results, but it still remains “black
boxes”. How it makes these predictions is beyond our comprehen-
sion. In order to understand the results of the model, SHAP [29] is
introduced and the interpretation scheme proposed in this work is
illustrated in Fig. 1. The inputs are the molecular features of each IL;
the model will use these features to forecast an IL's toxicity value.
For each feature in the model, a SHAP value is computed and allo-
cated; features with positive SHAP values have a positive influence
on the prediction, while those with negative values have a negative
effect. The larger the absolute value of the SHAP value of a feature,
the greater its impact. From this model interpretability, we can
understand how each feature contributes to the toxicity of an IL.

2.3. ILs' toxicity datasets

In this work, four datasets are employed to investigate the
toxicity of different ILs. Dataset 1 contains 242 ILs, with toxicity
values represented by the half-maximal effective concentration
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Fig. 1. The interpretation scheme of ILs' toxicity in this work.

(ECsp) of IPC-81 after 72 h. Dataset 2 contains 153 ILs, with toxicity
values represented by the ECsg of AChE after 5 min. Dataset 3
contains 125 ILs, with toxicity values represented by the minimum
inhibitory concentration (MIC) of E.coli after 24 h. Dataset 4 con-
tains 165 ILs, with toxicity values represented by the ECsq of Vibrio
fischeri after 30 min. The datasets are derived from the ILs' toxicity
database established and made public by Yan et al. [27,28]. The ILs
in the datasets are characterized by standard SMILES structures,
which are the input of the model, and all toxicity values are
expressed as their Ig values, which are the output of the model.
The four datasets used in this work are trained individually, with
each dataset divided in an 80:20 ratio between training and test
sets. A random splitting strategy is employed in the splitting pro-
cedure. Following the separation of the datasets, the model is
trained on the training set and its accuracy is assessed on the test
set. All of the models are evaluated by a 5-fold cross-validation.

2.4. Molecular descriptors from SMILES

In this work, molecular descriptors [38] are mathematical repre-
sentations of molecules that encapsulate their physical, chemical, and
biological features. Molecular descriptors were produced from
SMILES structure, which is a widely used technique for molecular
structure representation. The SMILES structures were transformed
into molecular descriptors by the module “molecular descriptors” of
RDKit [39], which is an open-source toolkit for cheminformatics. To
examine the ILs' toxicity prediction, 207 specific features were
calculated, including properties, composition, charge, topological
descriptors, and so on. These features are defined based on how each
atom in the molecule contributes to a molecular property [38]. Spe-
cifically, features such as “NumValenceElectrons”, “FractionCSP3”,
“HeavyAtomCount”, “NumAromaticRings”, “fr_Al_OH"” represent for
“the number of valence electrons in the molecule”, “the fraction of C
atoms that are SP3 hybridized”, “the number of heavy atoms in the
molecule”, “the number of aromatic rings in the molecule” and “the
number of aliphatic hydroxyl groups”, respectively. Detailed de-
scriptions of all features in this work can be found online [40].

2.5. Metrics

The mean square error (MSE), root mean square error (RMSE),
mean absolute error (MAE) and correlation coefficient (R%) are
utilized to assess the models' accuracy. The following equations are
the metrics' formulations:

1\/15,15=’11§1:(t,-pi)2 (1
RMSE = % lzn; (ti —pi)? (2)
MAE:%;M —pil (3)
g2 (i =D = 35 (6 — py)® (@)

S (6 — 1)

where n represents the number of data points; t; represents the
experimental toxicity value of ILs; p; is the toxicity value predicted
by the model; t denotes the average laboratory value of toxicity; i
represents each IL molecule.
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2.6. Modeling methodology

Fig. 2 illustrates the general model implementation methodol-
ogy used in this work. The original four datasets of ILs all use
simplified molecular-input line-entry system (SMILES) structures.
First, ILs are converted from SMILES structures to molecular de-
scriptors to obtain the molecular features of the ILs. These features
are used as input, and the toxicity values are used as output. Six
machine learning algorithms (Bagging [30], AdaBoost [31], GBoost
[32], Stacking [33], Voting and CatBoost [34,35]) are employed to
train the machine learning model. The trained model is evaluated
using MSE, RMSE, MAE and R? to obtain the optimal model. After-
wards, the toxicity interpretation model is used to explain the re-
sults, obtaining the importance of each molecular feature on
toxicity; their positive and negative contributions are also ranked.
The IL structure is converted by using RDKit [39]; the code is
written in Python, and machine learning is based on the SciKit-
Learn [41,42] package. SHAP [29] is utilized to interpret the model.

3. Results and Discussion
3.1. Learning curve of models

The learning curves of four models on four distinct datasets are
presented in Fig. 3 to show if the training is overfitting or under-
fitting. Performance is scored using MSE by the CatBoost [34,35]
algorithm. For the model on datasets IPC-81, MSE values plateau
with a lower MSE following 140 training examples, suggesting that
at least 140 ILs' toxicity data points are necessary for the CatBoost
model to perform at its optimal level. For the model on datasets
AChE, E.coli and Vibrio fischeri, more datasets can be better for
improving the performance of models. Overall, we can see from the
results that the training sets' performance scores eventually
converged, indicating that there was neither significant variation
nor strong bias during training.

3.2. Prediction of ILs" toxicity

The evaluation results of the 6 models on 4 different datasets
(test sets) are shown in Table 1. In general, all six models can have
good predictive capabilities on the four different datasets. With the
lowest values of MSE, RMSE, MAE and the highest value of R?, the
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CatBoost [34,35] model has superior performance among all
models. On dataset IPC-81, the CatBoost model's values for MSE,
RMSE, MAE and R? are 0.230, 0.479, 0.357 and 0.845 accordingly,
indicating that the model is reliable. On datasets AChE and E.coli,
the CatBoost model also has reliable performance. On the dataset
Vibrio fischeri, values of MSE, RMSE, MAE and R? are 0.440, 0.655,
0.470 and 0.774 accordingly, which indicates the CatBoost model
has to be enhanced for this dataset. Meanwhile, the other five
models also have poor performance on this dataset; the fact that
the Vibrio fischeri dataset is tiny and sparse might be the cause.
After all, the CatBoost model exhibits optimal behaviors in contrast
to the other five machine learning models. With additional pa-
rameters and complexity, the CatBoost model is better equipped to
manage the complexities and nonlinear connections of the dataset,
allowing it to identify more intricate patterns. So, the CatBoost
model is chosen for further study.

The parity plot of the experimental toxicity values and predicted
ones of the CatBoost model on the test sets of the four datasets is
shown in Fig. 4. From Fig. 4, it is evident that the four datasets’
predicted values are consistent with experimental values, demon-
strating the model's excellent accuracy and reliability.

3.3. Comparison of model performances

As can be seen in Table 2, which compares the performance of
model in this work with the models that have been reported, all the
reported models, including support vector machine (SVM) [43,44],
random forest (RF) [36,37,44], Multilayer Perceptro (MLP) [44,45],
ExtremeGradient Boosting (XGBoost) [27,46], artificial neural
network (ANN) [27,47], are trained on the same datasets; RMSE,
MAE and R? values are utilized as the performance metrics. On
datasets AChE, MLP [44,45] and XGBoost [46] models perform
better than the CatBoost [34,35] model. MLP models have a lower
MAE value of 0.156 and a higher R? value of 0.825. While the
XGBoost model's RMSE value is 0.200 and its R? value is 0.840,
which is also better than the CatBoost model does. Yet, the CatBoost
model has superior performance over the other investigated
models on datasets IPC-81, E. coli and Vibrio fischeri. It has a lower
RMSE, MAE and a higher R? value. Due to the small dataset, the
model's performance on different datasets shows some fluctua-
tions, while the CatBoost model's precision and reliability are
generally excellent.

Bagging
AdaBoost

GBoost

— Model
Stacking
. Six Trained Models Model Evaluation

Voting

CatBoost

| Six Machine Learning Algorithms

Model Interpretation

Fig. 2. The overall methodology for modeling used in this work.
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Fig. 3. The learning curves for different models on four datasets with the CatBoost algorithm.

3.4. Model interpretation

A SHAP [29] analysis was utilized to explain the CatBoost model
on four different datasets; the importance of various features on ILs'
toxicity is illustrated in Fig. 5, the Y-axis is the feature name;
whereas the X-axis is the mean SHAP value averaged over the whole
dataset. The larger the mean SHAP value of a feature, the greater its

importance to the toxicity of ILs. For dataset IPC-81, features “VSA
EState Descriptor 7 (VSA_EState7)", “EState VSA Descriptor 8
(EState_VSA8)", and “MOE MR VSA Descriptor 5 (SMR_VSA5)" play
the top important roles on the toxicity. For dataset AChE, the top
important features are “MOE MR VSA Descriptor 5 (SMR_VSA5)",
“MOE Charge VSA Descriptor 8 (PEOE_VSAS8)", and “MOE Charge
VSA Descriptor 8 (PEOE_VSA9)". For dataset E. coli, “Hall-Kier

Table 1
Metrics of various models in predicting the toxicity of ILs.
Datasets Metrics Bagging AdaBoost GBoost Stacking Voting CatBoost
IPC-81 MSE 0.259 0.251 0.276 0319 0.238 0.230
RMSE 0.507 0.498 0.522 0.562 0.486 0.479
MAE 0.390 0.354 0.383 0.409 0.363 0.357
R? 0.824 0.827 0.809 0.782 0.836 0.845
AChE MSE 0.062 0.050 0.064 0.077 0.051 0.046
RMSE 0.249 0.223 0.251 0.276 0.226 0.214
MAE 0.187 0.169 0.186 0.206 0.173 0.172
R? 0.756 0.803 0.749 0.697 0.799 0.819
E.coli MSE 0.245 0.238 0.298 0.348 0.237 0.227
RMSE 0.484 0.478 0.528 0.576 0.474 0.464
MAE 0.378 0.350 0.392 0.458 0.363 0.355
R? 0.849 0.852 0.816 0.782 0.854 0.859
Vibrio fischeri MSE 0.524 0.488 0.580 0.539 0.495 0.440
RMSE 0.715 0.679 0.754 0.729 0.693 0.655
MAE 0.522 0.473 0.541 0.540 0.501 0.470
R? 0.729 0.758 0.694 0.715 0.747 0.774
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Fig. 4. Parity plot of predicted and experimental values across four datasets (test sets) by the CatBoost model.

Kappa2 value (Kappa2)", “Morgan fingerprint, radius 1 (FpDensity-
Morgan1)", and “MOE Charge VSA Descriptor 6 (PEOE_VSAG)" are
the top 3 important features. For the dataset Vibrio fischeri, “MOE
MR VSA Descriptor 5(SMR_VSA5)", “MOE Charge VSA Descriptor 6
(PEOE_VSAG6)", and “EState VSA Descriptor 1 (EState_VSA1)" occupy
the top three positions of importance.

Top 10 important features with specific mean SHAP value (MSV)
are exhibited in Table 3. The features VSA_EState7, SMR_VSA5, and

PEOE_VSAG all appear in three datasets simultaneously, indicating
that ILs' toxicity is greatly influenced by these three features. Features
EState_VSA8, FpDensityMorganl, PEOE_VSAS8, Kappa2, and ESta-
te_VSA1 appear in two datasets, and their importance cannot be
ignored.

Merely understanding the importance of features is insufficient;
it is also necessary to analyze the positive and negative contribu-
tions of these features to ILs' toxicity, which is illustrated in Fig. 6.
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Table 2

Performance comparison of various models from previous literatures.

207

Datasets Metrics SVM [43,44] RF [36,37,44] MLP [44,45] XGBoost [27,46] ANN [27,47] CatBoost (this work)

IPC-81 MSE - — — - - 0.230

RMSE 0.687 0.655 0.640 0.530 0.620 0.479

MAE 0.510 0.436 0.467 — — 0.357

R? 0.683 0.706 0.688 0.790 0.710 0.845

AChE MSE — — — — - 0.046

RMSE 0.229 0.286 0.243 0.200 0.260 0.214

MAE 0.128 0.170 0.156 - - 0.172

R? 0.814 0.746 0.825 0.840 0.720 0.819

E. coli MSE - - - - - 0.227

RMSE 0.545 0.547 0.665 0.600 0.670 0.464

MAE 0.396 0.407 0.462 - - 0.355

R? 0.832 0.811 0.775 0.810 0.760 0.859

Vibrio fischeri MSE - - - - - 0.440

RMSE 0.739 0.724 0.658 0.800 0.800 0.655

MAE 0.524 0.460 0.476 - - 0.470

R? 0.738 0.753 0.779 0.720 0.700 0.774
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Fig. 5. Feature importance for the CatBoost model on four different datasets.

The y-axis is also the feature names in ascending order of signifi-
cance; while the x-axis is the SHAP value. A SHAP value for each
feature of an instance is represented by each point on the plot. The
color indicates the feature's value, which is overlapped with SHAP
values on the y-axis; high feature values are shown by the red color
while low feature values are shown by the blue color. A SHAP value
greater than O for each feature indicates that the model utilizes that
feature to increase IgECsp/lgMIC prediction, which means the
reduction of ILs' toxicity; whereas a value less than 0 indicates the
enhancement of ILs' toxicity by the feature.

For dataset IPC-81, as shown in Fig. 6(a), the three most
important features are VSA_EState7, EState_VSA8, and SMR_VSAS5.
The larger the value of the feature VSA_EState7, the greater its SHAP
value, the lower the toxicity, which indicates that increasing this
feature can reduce the toxicity. A high EState_VSAS8 feature value
might lessen the toxicity as well, while a high SMR_VSA5 feature
value will raise the toxicity.

For dataset AChE, as shown in Fig. 6(b), for both features
SMR_VSA5 and PEOE_VSAS, increasing their values will enhance
the ILs' toxicity. While as the PEOE_VSA9 value rises, the toxicity
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Table 3

Mean SHAP value of features on four different datasets.
IPC-81 AChE E.coli Vibrio fischeri
Feature MSV Feature MSV Feature MSV Feature MSV
VSA_EState7 0.110 SMR_VSA5 0.045 Kappa2 0.105 SMR_VSA5 0.127
EState_VSA8 0.102 PEOE_VSA8 0.044 FpDensityMorgan1 0.074 PEOE_VSA6 0.114
SMR_VSA5 0.098 PEOE_VSA9 0.035 PEOE_VSA6 0.056 EState_VSA1 0.094
PEOE_VSAG6 0.075 EState_VSA8 0.033 PEOE_VSA3 0.054 VSA_EState7 0.074
FpDensityMorgan1 0.053 SMR_VSA6 0.026 EState_VSA1 0.053 HeavyAtomMolWt 0.071
VSA_EStatel 0.043 VSA_EState8 0.026 Chi4n 0.053 SMR_VSA1 0.067
PEOE_VSA8 0.042 fr_pyridine 0.024 FpDensityMorgan3 0.053 Kappa2 0.064
LabuteASA 0.038 BCUT2D_CHGLO 0.024 MolLogP 0.051 Chiln 0.060
MolIMR 0.037 VSA_EState7 0.020 NumHAcceptors 0.050 SlogP_VSA5 0.058
BCUT2D_MWLOW 0.030 PEOE_VSA7 0.020 Chiln 0.049 Chil 0.056

value of ILs falls. The feature “Number of pyridine rings (fr_pyr-
idine)" has a positive impact on toxicity, indicating that an IL
molecule's toxicity will rise as the number of pyridine rings in-
creases. Because of its extreme hydrophobicity, the pyridine ring
can break down cell membrane structure, making ILs more haz-
ardous. This is consistent with the experimental findings [5—7].
For dataset E. coli, features that have positive contributions to
the toxicity are Kappa2 and PEOE_VSAG6, while feature FpDensity-
Morgan1 contributes negatively to toxicity. The NumHAcceptors
feature “The number of Hydrogen Bond Acceptors” also contributes
negatively to toxicity, which means that the more Hydrogen Bond

Acceptors an IL molecule has, the less toxicity it has. Hydrogen
Bond Acceptors can form hydrogen bonds to enhance hydrophi-
licity, which will effectively reduce the ILs' toxicity.

For dataset Vibrio fischeri, all the three most important features
SMR_VSA5, PEOE_VSAG, and EState_VSA1 have positive contribu-
tions to the toxicity. Feature “The average molecular weight of the
molecule ignoring hydrogens (HeavyAtomMolWt)" also has a
positive effect. As the average molecular weight of ILs rises, so does
their toxicity.

We also found that on different datasets, the trend of the same
feature's contribution to toxicity is the same. VSA_EState7 has a
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Fig. 6. Positive and negative contributions of features for the CatBoost model on four different datasets.
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negative contribution to toxicity on datasets IPC-81, AChE and
Vibrio fischeri. SMR_VSA5 contributes positively to toxicity on
datasets IPC-81, AChE and Vibrio fischeri. The toxicity of the IPC-81,
E.coli and Vibrio fischeri datasets is positively impacted by
PEOE_VSAG.

The important finding of this work is that, through a data-driven
approach, we have discovered the positive and negative impacts of
descriptors on ILs' toxicity. Using the CatBoost [34,35] model, we
provide a microscopic explanation of ILs' toxicity, offering a theo-
retical basis for the rapid screening and development of more
environmentally-benign and low-toxicity ILs. However, although
this work used four different datasets, each dataset is still quite
small, and the model's accuracy and generalization ability need
further improvement. Additionally, the factors influencing the
toxicity of ILs are quite complex. This work only considered mo-
lecular descriptors and did not take into account the interactions
between cations and anions that might affect toxicity, which is an
area that needs improvement in future works.

4. Conclusions

Six different machine learning models (Bagging, AdaBoost,
GBoost, Stacking, Voting and CatBoost) are built to predict the
toxicity of ILs on four datasets (IPC-81, AChE, E. coli, Vibrio fischeri).
Molecular descriptors produced from SMILES structure serve as the
input features. All models are evaluated using MSE, RMSE, MAE and
R? to achieve the best model. Furthermore, an interpretation model
based on SHAP analysis is established to discover how each mo-
lecular feature affects toxicity, both positively and negatively. With
the lowest MSE, RMSE, MAE and the highest R?, the CatBoost model
performs best among all models. The CatBoost model has addi-
tional parameters and complexity, which make it a more reliable
model in predicting the toxicity of ILs. The model's interpretation
results show that SMR_VSA5, SMR_VSA5, PEOE_VSA8, Kappa2,
PEOE_VSA6, SMR_VSAS, PEOE_VSAG6 and EState_VSA1 are the most
important positive features, which can raise the toxicity of IL as
their levels rise; while VSA_EState7, EState_VSAS8, PEOE_VSA9 and
FpDensityMorgan1 are the most important negative features,
which can reduce the toxicity as their levels increase. Plus, the
rising of both the number of pyridine rings and the average mo-
lecular weight of an IL will increase its toxicity, whereas the
increasing of Hydrogen Bond Acceptors in an IL molecule will
lessen its toxicity. Our findings offer new insights on IL design; the
accurate and interpretable model can be utilized to rapidly screen
IL with low toxicity for industrial applications.
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