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ABSTRACT The application of engineered nanoparticles (NPs) in various industries, such as pharmaceutical, manufacturing, and food, among others, has proven to be
effective through the years. However, NPs are known to produce toxicological effects upon modification of their physicochemical and structural properties. Thus,
understanding NPs toxicity behavior is of great importance. Currently, existing studies evaluating the toxicity of different NPs mostly involve employing in vivo (within living organisms) and in
vitro (on test tubes or petri dishes) techniques, notwithstanding, these are effective but inefficient, bringing us to the development of the in silico technique (use of a computer or
mathematical models). As such, this paper adapts in silico to predict cytotoxicity of different engineered NPs. The dataset used is the one compiled by the group of Gul (2021), consisting of
4111 instances, 25 predictors that composed of physicochemical, test-related, and cell-related properties, with cytotoxicity as its target variable labeled as “high” if (% cell viability < 50) and
“low” if (% cell viability > 50). Upon data exploration and pre-processing, regularized regressions such as ridge, LASSO, and elastic net classification models attain 91.14%, 91.42%, and
91.34% F1 scores at optimal penalty parameter A’s: 0.012, 0.003, and 0.003, respectively in the training set. Moreover, after external validation, the 3 models achieved F1 scores which are
as follows: 90.28%, 90.53%, and 90.12%, respectively. These indicates that the built models are able to generalized well to unseen data and are highly accurate in classifying cytotoxicity
levels. Additionally, cell type, particularly BEC is the most important variable generally identified by the 3 models.
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Figure 2. Selection of Influential Variables to Cytotoxicty

- | CONCLUSION AND RECOMMENDATION

Actual

e The 3 regularized regression models, namely, Ridge, LASSO, and Elastic Net all achieved an F1 score greater
than both in internal (training) and external (testing) validation, implying that these models are highly accurate in
classifying dichotomous levels of NPs cytotoxicity and are able to generalized well to unseen data.

e In addition, these 3 predictive models in general determine cell type, particularly BECs or human bronchial
epithelial cells as the most significant variable influencing NPs cytotoxicity. This makes sense as one of the
factors affecting the toxicity profile of NPs is their interaction with biological molecules. This further gives an
Insight that cytotoxicity Is clearly determined if the route of entry is through inhalation.

e For further study, combine the type of cell lines based on what routes of entry it belongs to, namely,

digestion, skin penetration, inhalation, and injection during medical procedures among others. Generally, this

will allow us to see If cytotoxicity can be identified clearly through one of these entries.
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Figure 3. Confusion Matrix using LASSO regression model




