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Abstract

Nanotechnology is quickly developing, manufacturing nanomaterials of different genera, of which,
metal oxide nanoparticles, is the most demanding class of nanomaterials. Currently, the expedient
heightening of metal oxide nanoparticle's usage poses an impact on the environment. As, nanotoxicity
profile of the vast majority of these metal oxide nanoparticles is as yet unclear and the information
with respect to their physicochemical properties that contributes towards their bioactivity is also scant.
In addition, trial assessment of each and every current and recently integrated metal oxide nanoparticle
is very costly, arduous and tedious. Likewise, low sufficiency of invivo/invitro experimental designs
encumbers the toxicity evaluation of nanoparticles. Consequently, computational insilico QSAR
(quantitative structure- activity relationship) approach have been investigated as successful technique
for assessing the harmful cytotoxic effects of metal oxide nanoparticles in Escherichia coli. In
addition, both the models were assessed for their prediction accuracy based on the merit of F-measure.
In the current work, nano-QSAR models have been developed employing computed size autonomous
nano-explicit descriptors using machine learning algorithm including linear multiple linear regression
(MLR) and non-linear neural network (NN). Deciphered from the developed models, nanodescriptors
including > ¥=nO, yox and AH we+ effectively encodes the metal oxide nanoparticle's cytotoxicity
mechanism in Escherichia coli. And furthermore, the value of F-measure for linear MLR based model
was higher i.e., 85% than non-linear NN model i.e.,74% indicating improved prediction competence
of linear MLR model over non-linear NN model in Escherichia coli. Thus, MLR based QSAR model
displayed high statistical robustness in the proposed specie for toxicity profiling. Subsequently, this
study underscores on the importance of nano-QSAR modeling in nanotoxicology and is expected to
enhance the advancement of more secure nanomaterials in the future.
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Introduction

Toxicity evaluation of nanoparticles isn't that straightforward on the grounds that each nanoparticle
shows interesting morphological and physicochemical properties (1). The accessible and currently
used testing frameworks may not be reasonable for screening nanoparticles because it is deficient in
risk assessment protocols required for safety evaluation (2). Besides, scarcity of information on
nanoparticle exposure is another restricting variable in nanotoxicological studies which hampers our
conception with respect to nanoparticle toxicity mechanisms (3). Since nanoparticles may be
metabolized or altered in vivo executing various consequences for the biosystems contrasted with
their bulk counterparts (4). In this way, improved nanoparticle characterization methodologies are
expected to eliminate uncertainties occurring at the level of exposure and hazard assessment to help
risk executives in making regulatory policy decisions (5,6). Customary methodologies being utilized
in nanoparticle risk assessment contrasted the novel nanoproducts and the regular non-nanoproducts
bringing about raising vulnerabilities about the propriety of the current nanotoxicity related
information (7).In addition, absence of a standard arrangement for archiving the probationary
nanotoxicity data results in difficulty in data searching and gathering of obscure insights for building
insilico models to address nano-explicit toxicity (8).To adapt to the current inadequacies in
nanotoxicological studies, the first and the premier advance is to foster a normalized structure for
detailing nanotoxicity data and also to lay out a completely organized datasets of nanotoxicity utilizing
computational tools (9).Such insilico systems could be utilized to distinguish and reduce health and
environmental hazards associated with individual nanoparticles. For this reason, it is expected to build
databases of case narratives for the evaluation of nanoparticle related risks and for extra
investigational studies on nanotoxicity resulting more than adequate data ought to be gathered with
comprehensively acknowledged appraisal standards for information quality (10). Thus, this study
aims at developing reliable computational models, thereby providing more insight on metal oxide
nanoparticles cytotoxicity towards Escherichia coli

Materials and methods

For the development of nanoQSAR model, 17 metal oxide nanoparticles (ZnO, CuO, Y203, Bi2Os3,
In203, Al203, Fe203,SiO2, Sn0O2, V203, TiO2, Sh203, ZrO2, CoO, NiO, Cr.0zand La20s3) for Escherichia
coli were included in the study. The selection of the above-mentioned metal oxide nanoparticles
depends on the availability of their associated toxicity data towards Escherichia coli (affecting
viability). The obtained toxicity data for Escherichia coli is expressed in terms of logarithmic values
of molar 1/ECso (the effective concentration of a given metal oxide nanoparticle causing reduction of
bacteria viability by 50%), which was considered as a dependant variable. Since nanopowder form of
all metal oxide nanoparticles give rise to similarly sized aggregates in water suspension, regardless of
their size (11). Therefore, the considered size range i.e., 15 to 90 nm for the selected metal oxide
nanoparticles did not contribute to the cytotoxic mechanism towards Escherichia coli. Thus, the size
effect of the selected metal oxide nanoparticles is nullified here. In the given study, logarithmic values
of molar 1/ECso were the observed toxic endpoint for Escherichia coli for which nanoQSAR modeling
was done. Computation of three size-independent nanodescriptors for the selected metal oxide
nanoparticles includes sum of metal electronegativity for individual metal oxide divided by the
number of oxygen atoms present in a particular metal oxide (3>y=nO) and metal cation charge
corresponding to a given oxide (yox). These nanodescriptors were easily obtained from their molecular
formula and information acquired from the periodic table (12). However gaseous cation enthalpy of
formation (AH wme+) Nanodescriptors were calculated using computational software PaDEL descriptor
(v. 2.20) (13). Computed nanodescriptors were then used as a machine learning input in Weka
platform employing machine learning algorithms including multiple linear regression (MLR) (14) and
neural networks (NN) (15) for model development. In addition, different modules in Weka were used
for model validation and models performance analysis. In the present study, validation was achieved
by randomly splitting the dataset into training set including ZnO, CuO, Y203, Bi203, In,03, Al>O3,
Fe203, SiO2, SnO2and TiO2 and test set also called as validation set including V203, Sb203, ZrO, CoO,
NiO, Cr20sand La20s. Internal validation of the training sets was performed to measure the goodness
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of fit and robustness of the developed nanoQSAR model using statistical parameters including
Coefficient of determination between the experimental and predicted value i.e., least squares fit (R2),
Root Mean Square Error (RMSE) etc (16, 17).In the current study the external validity of the
developed nanoQSAR models were checked by the test set using externally validated determination
coefficient Q% and the root mean square error of prediction (RMSEP).Furthermore applicability
domain of the developed nanoQSAR model was calculated for species training set employing leverage
approach (18) for the analysis of model’s prediction performance. Finally, interpretation of the
developed nanoQSAR models to recognize the most suitable metal oxide nanoparticles associated
toxicity mechanisms in Escherichia coli. In addition, comparison of the developed models for
Escherichia coli on the basis of their F-measure was also performed.

Results

Based on the obtainable experimental data for the specific target endpoints i.e., 1/ECso a multiple
linear regression (MLR) and neural network (NN), based nanoQSAR models were developed to
describe the relationship of the studied metal oxide nanoparticles versus the structural parameters
involved in exhibiting cytotoxic effects in Escherichia coli , The observed cytotoxicity experimental
values expressed in terms of logarithmic values of molar 1/ECso for Escherichia coli is given in Table
1.

Table 1: Observed cytotoxicity values of 17 metal oxides nanoparticles for Escherichia coli (log

1/ECso)
S.no | Metal oxide NPs Observed log 1/ECso mol | 1)
1 Zn0O 3.45
2 CuO 3.20
3 V,0; 3.14
4 Y203 2.87
5 Bi20s 2.82
6 In203 2.81
7 Sh,03 2.64
8 Al;Os3 2.49
9 Fe;O3 2.29
10 SiO; 2.20
11 yA(®)) 2.15
12 SnO» 2.01
13 TiO, 1.74
14 CoO 3.51
15 NiO 3.45
16 CI’203 251
17 La,O3 2.87

Computed constitutional and quantum chemical nanodescriptors values for the studied metal oxides
nanoparticles is given in Table 2.

Table 2: Computed values of nanodescriptors for 17 metal oxides nanoparticles

S.no | Metal oxide | Yx=nO | yox AH wme+ (Kcal mol?)
NPs

1 Zn0 1.65 2 662.44

2 CuO 1.9 2 706.25

3 V203 1.087 3 1097.73

4 Y203 0.813 3 837.15

5 Bi203 1.347 3 1137.40

6 In203 1.187 3 1271.13

7 Sh203 1.367 3 1233.06
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8 Al203 1.073 3 1187.83
9 Fe203 1.220 3 1408.29
10 | SiO2 0.950 4 1686.38
11 | ZrO; 0.665 4 1357.66
12 | SnO; 0.980 4 1717.32
13 | TiOy 0.770 4 1575.73
14 | CoO 1.880 2 601.80

15 NiO 1.910 2 596.70

16 | Cr03 1.107 3 1268.70
17 Laz203 0.733 3 1017.22

The predicted cytotoxicity values of 1/ECsg for the studied metal oxide nanoparticles is given in Table
3. Figure 1 and 2 displays the plot of experimentally observed versus predicted values of 1/ECso
obtained from the developed nanoQSAR models respectively.

Table 3: Predicted cytotoxicity values of 17 metal oxide nanoparticles for Escherichia coli (log
1/ECso) from the developed nanoQSAR models

S.no Metal oxide | Observed Predicted 1/ECso
NPs 1/ECso Mol | 1)

(Mol | 1) MLR NN
1 Zn0O 3.45 3.29 3.44
2 CuO 3.20 3.24 3.47
3 V203 3.14 2.74 2.79
4 Y203 2.87 3.07 2.99
5 Bi.O3 2.82 2.69 2.89
6 In203 2.81 2.52 2.55
7 Sbh20s 2.64 2.57 2.73
8 Al;0O3 2.49 2.62 2.63
9 Fe O3 2.29 2.34 2.43
10 SiO2 2.20 1.99 2.07
11 yA(®); 2.15 2.41 1.60
12 SnO3z 2.01 1.95 1.97
13 TiO; 1.74 2.13 1.85
14 CoO 3.51 3.37 3.46
15 NiO 3.45 3.38 3.46
16 Cry03 2.51 2.52 2.53
17 La>O3 2.87 2.84 2.51
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Figure 1: Plot of observed versus predicted log values of 1/ECso for MLR model
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Figure 2: Plot of observed versus predicted log values of 1/ECso for NN model

Results of internal validation on the training sets for Escherichia coli is given in Table 4.

Table 4: Internal validation performed on the training sets for Escherichia coli on the

developed nanoQSAR models

Escherichia coli

S.no | Model | Dataset | No of | No of | R? RZ%dj | Q%v | RMSE | RMSECV
NPs descriptors

1 MLR | Training | 10 3 092 |0.85 |0.83 |0.19 0.30

2 NN Training | 10 3 096 092 |0.75 |0.15 0.37

Results of external validation on test sets for both Escherichia coli is given in Table 5

Table 5: External validation performed on the test sets for both Escherichia coli on the

developed nanoQSAR models

Escherichia coli

S.no | Model | Data set | No of NPs | No of | Q%xt RMSEP
descriptors

1 MLR | Test 7 3 0.93 0.19

2 NN Test 7 3 0.93 0.28
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The computed applicability domain critical leverage value for the training sets is given below:
h*(critical leverage value) = 1.5
The calculated leverage value for each metal oxide nanoparticle (hi) is given in Table 6

Table 6: Computed leverage values of the studied metal oxides nanoparticles for Escherichia

coli
S.no | Metal oxide NPs | Escherichia coli
1 Zn0O 1.31
2 CuO 1.28
3 V203 1.01
4 Y203 1.21
5 Bi,03 1.15
6 In203 1.08
7 Shy03 1.13
8 Al;0O3 1.21
9 Fe,O3 1.14
10 SiO2 1.25
11 ZrO; 1.02
12 SnOz 1.20
13 TiO; 1.11
14 CoO 1.37
15 NiO 1.39
16 Cr03 1.12
17 La>O3 1.13

Evaluation results of the compared nanoQSAR models built using MLR and NN algorithms for
Escherichia coli is given in Table 7.

Table 7: Evaluation results of the two nanoQSAR models
Performance (F-measure at 0.05 level of significance)

S.no | Algorithms | Escherichia coli
1 MLR 0.85
2 NN 0.74

Discussion

From the data showed in Table 4 we can derive that the descriptors y=nO, yox and AH e~ are critical
at 83% certainty level for MLR and 75% certainty level for NN while anticipating the test set
information. The models, MLR and NN could explicate 92% and 96% of the variance (R?)
respectively while it could anticipate 83% and 75% of the cross-validated predicted variance (Q%).
Our internal validation results are comparable with the outcomes of Kar et al, (2016) (19) for MLR
based model, and Fjodorova et al, (2017) (20) for NN. In any case, remembering this that the previous
studies however employed similar algorithms as we did yet utilize different sort/number of
nanodescriptors, different composition of metal oxide nanoparticles training/test sets as well as
different model development insilico tools hence exact critical evaluation of the statistical quality of
our built models with the previously reported ones is not always possible. The anticipated toxicity
assessments of 17 metal oxide nanoparticles against Escherichia coli is given in Table 3. Figure 1 and
2 displays the distribution of the two nanoQSAR models determined predicted values which were
seen to be adjusted exceptionally near their corresponding experimental values. Consequently, for the
studied metal oxides nanoparticles, a good agreement between the observed and those anticipated by
the nanoQSAR models were noticed (21). In the ongoing study, our developed models uncovered that
the descriptor yox has a negative coefficient towards toxicity i.e., Cytotoxicity of metal oxide
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nanoparticles diminishes with an increase in their cationic charge (22). On the other hand, our models
also revealed that an increased cationic charge (jox) results in a positive value increase of AH me+ and
in return decreased cytotoxicity log(1/ECso) is observed. Besides, both of our developed models have
good internal stability and statistical robustness signifying that the models were not obtained by
chance as verified by internal and external validation metrices (23). On the other hand, obtained
external validation parameters i.e., Q%x and RMSEP (Table 5) revealed confirmation that our
developed models are applicable for predicting toxicity of any other metal oxide nanoparticles if their
structures fall within the applicability domain of the training set h; < 1.5 for Escherichia coli. In
addition, Comparison analysis of the developed models based on F-measure metrices revealed that
the value of F-measure for linear MLR based model was higher i.e., 85% than non-linear NN model
I.e.,74% indicating improved prediction competence of linear MLR model over non-linear NN model
in Escherichia coli. Thus, our developed nanoQSAR models for Escherichia coli were consistent
since it has passed all the internal/external validation metrices and have satisfied all the criteria’s
required for its statistical acceptance.

Conclusion
Thus, MLR based QSAR model displayed high statistical robustness in the proposed specie for
toxicity profiling.

Acknowledgments
The author is grateful to Dr. Samiullah khan for his useful review of this work

Disclosure statement
None declared by the authors

Funding statement
None

References

1. Shekhar, S., Gautam, S., Sharma, B., Sharma, S., Das, P. P., & Chaudhary, V. (2021).
Deciphering the pathways for evaluation of nanotoxicity: Stumbling block in
nanotechnology. Cleaner Engineering and Technology,
100311.https://doi.org/10.1016/j.clet.2021.100311

2. Ettlinger, R., Lichelt, U., Gref, R., Horcajada, P., Lammers, T., Serre, C., ... & Wuttke, S. (2022).
Toxicity of metal-organic framework nanoparticles: from essential analyses to potential
applications. Chemical Society Reviews. https://doi.org/10.1039/D1CS00918D

3. Jose,J. P.A., Younus, L. A., Reddy, K. B., Sana, S. S., Gangadhar, L., Hou, T, ... & Bhardwaj, P.
(2022). Environmental impact on toxicity of nanomaterials. In Biogenic Sustainable
Nanotechnology (pp. 315-355). Elsevier. https://doi.org/10.1016/B978-0-323-88535-5.00011-1

4. Warheit, D. B., & Donner, E. M. (2010). Rationale of genotoxicity testing of nanomaterials:
regulatory requirements and appropriateness of available OECD test guidelines. Nanotoxicology,
4(4), 409-413. https://doi.org/10.3109/17435390.2010.485704

5. Card, J. W., Jonaitis, T. S., Tafazoli, S., & Magnuson, B. A. (2011). An appraisal of the published
literature on the safety and toxicity of food-related nanomaterials. Critical reviews in toxicology,
41(1), 20-49. https://doi.org/10.3109/10408444.2010.524636

6. Baun, A., & Grieger, K. (2022). Environmental Risk Assessment of Emerging Contaminants—
The Case of Nanomaterials. In Advances in Toxicology and Risk Assessment of Nanomaterials
and Emerging Contaminants (pp. 349-371). Springer, Singapore. https://doi.org/10.1007/978-
981-16-9116-4 15

7. Yan, X., Yue, T., Zhu, H., & Yan, B. (2022). Bridging the Gap Between Nanotoxicological Data
and the Critical Structure—Activity Relationships. In Advances in Toxicology and Risk Assessment
of Nanomaterials and Emerging Contaminants (pp. 161-183). Springer, Singapore.

Vol.31 No. 07 (2024) JPTCP (1997 - 2004) Page | 2003



https://jptcp.com/index.php/jptcp/issue/view/79
https://doi.org/10.1016/j.clet.2021.100311
https://doi.org/10.1016/B978-0-323-88535-5.00011-1

Cytotoxicity Profiling Of Metal Oxide Nanoparticles Towards Escherichia Coli Using Qsar Modeling

10.

11.

12.

13.

14.
15.

16.

17.

18.

19.

20.

21.

22.

23.

https://doi.org/10.1007/978-981-16-9116-4 7

Winkler, D. A. (2016). Recent advances, and unresolved issues, in the application of
computational modeling to the prediction of the biological effects of nanomaterials. Toxicology
and applied pharmacology, 299, 96-100. https://doi.org/10.1016/j.taap.2015.12.016

Tang, K., Liu, X., Harper, S. L., Steevens, J. A., & Xu, R. (2013). NEIMiner: nanomaterial
environmental impact data miner. International journal of nanomedicine, 8§(Suppl 1),
15. https://doi.org/10.2147/1IN.S40974

Fu, P. P, Xia, Q., Hwang, H. M., Ray, P. C., & Yu, H. (2014). Mechanisms of nanotoxicity:
generation of reactive oxygen species. Journal of food and drug analysis, 22(1), 64-75.
https://doi.org/10.1016/5.jfda.2014.01.005

Adams, L. K., Lyon, D. Y., & Alvarez, P. J. (2006). Comparative eco-toxicity of nanoscale TiO2,
Si02, and ZnO water suspensions. Water research, 40(19), 3527-3532.
https://doi.org/10.1016/j.watres.2006.08.004

Buglak, A. A., Zherdev, A. V., & Dzantiev, B. B. (2019). Nano-(Q) SAR for cytotoxicity
prediction of engineered nanomaterials. Molecules, 24(24), 4537.
https://doi.org/10.3390/molecules24244537

Yap, C. W. (2011). PaDEL-descriptor: An open-source software to calculate molecular
descriptors and fingerprints. Journal of computational chemistry, 32(7), 1466-1474.
https://doi.org/10.1002/jcc.21707

Darlington, R. B. (1990). Regression and linear models. McGraw-Hill College.

Choi, J. S., Ha, M. K., Trinh, T. X., Yoon, T. H., & Byun, H. G. (2018). Towards a generalized
toxicity prediction model for oxide nanomaterials using integrated data from different
sources. Scientific reports, 8(1), 1-10. https://doi.org/10.1038%2Fs41598-018-24483-z

Pratim Roy, P., Paul, S., Mitra, 1., & Roy, K. (2009). On two novel parameters for validation of
predictive QSAR models. Molecules, 14(5), 1660-1701.
https://doi.org/10.3390/molecules 14051660

Powers, K. W., Carpinone, P. L., & Siebein, K. N. (2012). Characterization of nanomaterials for
toxicological studies. In Nanotoxicity (pp. 13-32). Humana Press, Totowa, NJ. DOI 10.1007/978-
1-62703-002-1 2

Gramatica, P. (2007). Principles of QSAR models validation: internal and external. OQSAR &
combinatorial science, 26(5), 694-701. https://doi.org/10.1002/qsar.200610151

Kar, S., Das, R. N., Roy, K., & Leszczynski, J. (2016). Can toxicity for different species be
correlated? the concept and emerging applications of interspecies quantitative structure-toxicity
relationship (1-QSTR) modeling. International Journal of Quantitative Structure-Property
Relationships (IJOSPR), 1(2), 23-51. 10.4018/1JQSPR.2016070102

Fjodorova, N., Novic, M., Gajewicz, A., & Rasulev, B. (2017). The way to cover prediction for
cytotoxicity for all existing nano-sized metal oxides by using neural network
method. Nanotoxicology, 11(4), 475-483. https://doi.org/10.1080/17435390.2017.1310949
Cronin, M. T., & Schultz, T. W. (2003). Pitfalls in QSAR. Journal of Molecular Structure:
THEOCHEM, 622(1-2), 39-51. https://doi.org/10.1016/S0166-1280(02)00616-4

Ahmadi, S. (2020). Mathematical modeling of cytotoxicity of metal oxide nanoparticles using
the index of ideality correlation criteria. Chemosphere, 242, 125192
https://doi.org/10.1016/j.chemosphere.2019.125192

Dearden, J. C., Cronin, M. T., & Kaiser, K. L. (2009). How not to develop a quantitative structure—
activity or structure—property relationship (QSAR/QSPR). SAR and OSAR in Environmental
Research, 20(3-4), 241-266. https://doi.org/10.1080/10629360902949567

Vol.31 No. 07 (2024) JPTCP (1997 - 2004) Page | 2004


https://jptcp.com/index.php/jptcp/issue/view/79

	Table 1: Observed cytotoxicity values of 17 metal oxides nanoparticles for Escherichia coli (log 1/EC50)
	Table 2: Computed values of nanodescriptors for 17 metal oxides nanoparticles
	Table 3: Predicted cytotoxicity values of 17 metal oxide nanoparticles for Escherichia coli (log 1/EC50) from the developed nanoQSAR models
	Table 4: Internal validation performed on the training sets for Escherichia coli on the developed nanoQSAR models
	Table 5: External validation performed on the test sets for both Escherichia coli on the developed nanoQSAR models
	Table 6: Computed leverage values of the studied metal oxides nanoparticles for Escherichia coli
	Table 7: Evaluation results of the two nanoQSAR models
	Disclosure statement
	None declared by the authors



