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Abstract
Plastics pose a significant threat to human health by introducing carcinogenic chemicals
through inhalation and digestion. Carcinogens such as Bisphenol A (BPA), Diethyl Phthalate,
Per- and Polyfluoroalkyl Substances (PFAS), and Polyvinyl Chloride (PVC) disrupt
reproduction, growth, and metabolism by mimicking hormonal activity. Their persistence in the

environment increases human exposure, particularly when non-biodegradable.

To evaluate biodegradability, four machine learning models—Ilogistic regression,
k-nearest neighbors, random forest, and neural network—were trained on molecular descriptor
data generated using RDKit. The dataset was refined through Principal Component Analysis
(PCA) to assess its impact on performance. Results indicate that the neural network achieved the
highest accuracy with RDKit descriptor data (88.1%) and PCA-transformed data (78.2%).
Across all models, the RDKit dataset outperformed PCA-applied data, with accuracy
improvements of +9.9% for the neural network, +14.3% for logistic regression, +9.7% for

random forest, and +6.9% for k-nearest neighbors.

Notably, all models classified BPA, Perflurorooctanic Acid (PFOA), and
Perfluorooctanesulfonic Acid (PFOS) as non-biodegradable, identifying them as the most
persistent and hazardous carcinogens in plastics. To identify safer alternatives, cosine similarity
was employed to pinpoint structurally similar compounds, which were subsequently assessed for
biodegradability. This approach revealed that viable naturally produced substitutes include
3-Propionylchromone, N-Acetyl-D-glucosamine, and Butyl Paraben. This study highlights the
potential of machine learning in identifying biodegradable alternatives to persistent carcinogens

in plastics. By reducing the environmental and health risks associated with plastic-related toxins,



these findings offer a crucial step toward more sustainable and responsible plastic manufacturing

practices.

Introduction

Plastic degradation into microplastics poses a growing concern due to its widespread
impact on human exposure to harmful chemicals. Microplastics enter the human body through
inhalation and ingestion, and studies show that around 77% of people have microplastics in their
blood. Plastics are made with carcinogenic compounds such as BPA, Diethyl Phthalate, PFAS,
and PVC, which mimic hormones and disrupt reproduction, growth, and metabolism, ultimately

increasing cancer risk.

Biodegradability, defined as the ability of a material to be decomposed by organisms like
bacteria or fungi and reintegrated into nature, is critical in evaluating plastic safety.
Non-biodegradable plastics are particularly harmful as they do not break down easily, leading to
prolonged exposure to toxic additives. Currently, biodegradation tests take weeks to years to
complete, severely limiting the ability to screen chemicals efficiently. As a result, efforts to
identify persistent, high-risk plastic additives are significantly delayed, slowing progress in

creating safer plastics.

To accelerate this process, this project explores a computational approach to predict
chemical biodegradability using machine learning. We extracted molecular features using
cheminformatics tools like RDKit, trained classification models, and incorporated similarity
analysis to suggest safer alternatives to harmful compounds. This approach draws from prior
research in computational toxicology and cheminformatics, offering a scalable pathway to

support safer plastic design. In prior research, machine learning models like QSAR and



classification trees have been used to predict chemical toxicity and biodegradability, speeding up
environmental assessments compared to lab tests. However, these models mostly target broad
chemical groups such as pharmaceuticals or pesticides, not specifically carcinogenic plastic

additives.

This project focuses on carcinogenic plastic additives, creating tailored models to predict
their biodegradability. It also uniquely uses structural similarity analysis to suggest safer,
biodegradable alternatives, emphasizing actionable substitution. By building on the foundational
chemistry of these compounds and existing testing limitations, this work aims to fill a critical gap

in identifying persistent plastic additives more efficiently.

Dataset

Overview

This study uses the QSAR Biodegradation Dataset from the UCI Machine Learning Repository
which contains 1,055 chemical compounds classified as either biodegradable or
non-biodegradable. Each compound is represented by 41 numerical molecular descriptors (Ex:
molecular weight, number of heteroatoms, number of hydrogen bond donors/acceptors, etc.)
These features describe a compound’s structural and chemical properties. The model uses this
dataset to train and test a binary classification algorithm that predicts biodegradability based on

these features.

Data Cleaning and Preprocessing

To ensure consistency and maximize the use of available information about each compound, the

process retained all 41 features. Instead of using the original descriptors from the dataset, we



regenerated them with RDKit to ensure consistency between the training and testing sets and
removed all samples containing null values. Then, we encoded the categorical target variable of
biodegradability using Python’s LabelEncoder, assigning “1” to “Biodegradable (RB)” and “0”

to “Non-biodegradable (NRB).”

Before training, we standardized all feature values using StandardScaler, which scales features to
have a mean of zero. This step is essential for models like Logistic Regression and K-Nearest
Neighbors, which are sensitive to the magnitude of input values. Without scaling, large-valued

features could disproportionately influence model behavior.

We split the dataset into 75% for training and 25% for testing.

Limitations

The dataset exhibits a slight class imbalance, with 699 biodegradable and 356 non-biodegradable
compounds. The evaluation process accounted for this imbalance, especially when analyzing

precision, recall, and false positive rates.

Methodology

Overview

This research aimed to develop machine learning models that predict the biodegradability of
chemical carcinogens using molecular structure data. The approach involved generating features
from chemical structures via RDKit, reducing data dimensionality with Principal Component
Analysis (PCA), training and evaluating multiple classifiers, and ultimately applying the models

to real-world chemical pollutants to explore safer biodegradable alternatives.



Feature Generation and Preprocessing

We converted each chemical’s SMILES string into a molecular object using RDKit, which then
generated 41 molecular descriptors per compound. These descriptors served as the features for
all models. As described in the Dataset section, the preprocessing pipeline encoded and prepared

the dataset before training and testing.

Dimensionality Reduction with PCA

Before model training, the analysis applied Principal Component Analysis (PCA) to reduce data
dimensionality while preserving most of its variance. PCA helps simplify complex datasets,
reduce noise, and improve model performance and interpretability. We transformed both training
and testing data sets and retained the top 7 principal components based on explained variance as
input features for all models. Each machine learning model was tested with the original RDKkit

data and transformed PCA data independently.

Model Training and Evaluation

The modeling phase trained and evaluated four machine learning models using the PCA-reduced,
standardized data and the original data: Logistic Regression (LR), K-Nearest Neighbors (KNN),

Random Forest (RF), and a Neural Network (NN).

Logistic Regression

The training process fits the Logistic Regression model using optimized parameter(s) determined

via the .best_params__ attribute in scikit-learn’s tuning process.



As a linear model, Logistic Regression established a baseline for performance. The model
learned from the scaled PCA-transformed training data and made predictions on the

corresponding test data.

K-Nearest Neighbors

The KNN model classified test points by comparing them to the optimized parameter(s)
determined via the .best params_ attribute in scikit-learn’s tuning process of 5 nearest neighbors

in the training set using Euclidean distance.

Random Forest

The training process fit the Random Forest model using optimized parameters of max_depth=5

determined via the .best params__ attribute in scikit-learn’s tuning process:

By limiting tree depth, the model avoided overfitting while remaining interpretable. This
ensemble approach captured complex relationships between molecular features and

biodegradability.

Neural Network

The implementation used a Multi-Layer Perceptron (MLP) neural network with the following
optimized parameter(s) determined via the .best params_ attribute in scikit-learn’s tuning

Pprocess:

e hidden layer sizes=(100, 78)
e activation="relu"

e max iter=300



The model achieved strong training accuracy, though its higher complexity occasionally caused

overfitting, as seen in the performance gap between training and test scores.

Performance Metrics

The evaluation process measured each model's performance using several metrics to assess both

accuracy and class balance:

Accuracy Score

e Precision Score

e Recall (True Positive Rate)
e False Positive Rate

e Confusion Matrix

o ROC curve

Application to Real-World Carcinogens

After validating the models, we used them to classify several known environmental carcinogens

by feeding in their SMILES representations and generating descriptors with RDKit:

Bisphenol A (BPA)

e Perfluorooctanoic acid (PFOA)
e Polyvinyl chloride (PVC)

e Diethyl phthalate (DEP)

e Perfluorooctanesulfonic acid (PFOS)



Each chemical went through the trained models, which labeled them as biodegradable (1) or

non-biodegradable (0).
Identifying Biodegradable Alternatives

To suggest safer replacements for harmful chemicals, the analysis performed a cosine similarity
search. This process compared the vector representations (molecular descriptors) of the

carcinogens to other compounds in the dataset. The goal was to identify chemicals that:

e Have similar molecular structures (high cosine similarity)

e Are classified as biodegradable (label = 1)

This similarity search enabled the discovery of structurally similar but eco-friendlier alternatives

that could potentially replace persistent pollutants in consumer products or industrial processes.

Results and Discussion
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Fig. 1: Accuracy Score (%) of PCA vs. RD-Kit Data

While Principle Component Analysis (PCA) is typically used to reduce dimensionality of
training data to improve model performance, it did not preserve the critical chemical

characteristics needed for accurate predictions. As shown in Figure 1, all four models performed



better when trained with RD-Kit descriptors compared to PCA-based models. Consequently, the

RD-Kit trained models were used for the remainder of the analysis.
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Fig. 2A: Confusion Matrices of RD-Kit Trained Model
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Among the models tested, the neural network and random forest algorithms demonstrated
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the best overall performance. The neural network model achieved the highest accuracy of
88.20%, precision of 92.47%, and recall score of 93.48% (Figure 2A) and the lowest false
positive rate of 13.24% (Figure 2C), indicating its superior ability to correctly classify

biodegradable chemicals and minimize false negatives.

The random forest model, while slightly behind in accuracy of 87.36%, still performed
strongly, with a precision of 81.82%, recall of 78.26% (Figure 2A), and false positive rate of
14.81% (Figure 2C) Receiver Operating Characteristic (ROC) curves further confirmed the
random forest model's strength. A higher area under the curve (AUC) indicates a model’s
superior performance in distinguishing between biodegradable and non-biodegradable
chemicals.The ROC curve, which graphically represents a model's ability to distinguish between
classes, shows that the random forest model achieved the best AUC of 0.93 compared to the
neural network’s AUC of 0.91 (Figure 2B). In this study, the random forest model's ROC
performance confirmed its robustness and effectiveness in classifying chemicals accurately. The
neural network and random forest models generated the best results because they are able to

trace more complicated relationships in data by creating new nonlinear feature representations.
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Fig. 3: Biodegradability Classification of Common Carcinogenic Chemicals in Plastics
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After establishing and evaluating the models, they were used to classify the top five most
common carcinogenic chemicals used in plastic production: Bisphenol A (BPA), Diethyl
Phthalate (DEHP), Polyvinyl Chloride (PVC), Perfluorooctanoic Acid (PFOA), and
Perfluorooctanesulfonic Acid (PFOS). Among the five chemicals analyzed, DEP is the most
biodegradable. It breaks down relatively quickly under both aerobic and anaerobic conditions,
especially in wastewater environments. BPA is less biodegradable; while some microbes can
degrade it in oxygen-rich settings, it persists in natural waters and sediments. PVC is a synthetic
polymer that is not biodegradable due to its strong carbon—chlorine bonds and dense structure,

which make it resistant to microbial attack. PFOA and PFOS, both part of the PFAS family, are
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among the most environmentally persistent chemicals known. Their carbon—fluorine bonds are
nearly unbreakable, making them extremely resistant to natural degradation. Based on current
research, the biodegradability ranking from highest to lowest is DEP, BPA, PVC, and lastly
PFOA and PFOS. As shown in Figure 3, all models classified BPA, PFOA, and PFOS as
non-biodegradable, highlighting their persistence and toxicity in accordance with current
research. In contrast, DEHP was classified as biodegradable by all models, also supported by
current research. However, PVC was classified as biodegradable by all models except KNN.
This prediction is inaccurate when compared to current research so the classification of PVC was
disregarded. This led to a focus on BPA, PFOA, and PFOS, which were consistently identified as

non-biodegradable, to identify potential safer, biodegradable substitutes.

To identify safer alternatives, cosine similarity was used to compare the structures of
BPA, PFOA, and PFOS against a dataset of 2,500 naturally occurring chemicals. The top 50
cosine similarity values for each of these three chemical carcinogens were identified. The results
of this analysis, shown in Figure 4, revealed a significant difference in the structural similarity
between BPA and the naturally occurring chemicals compared to PFOA and PFOS. The average
cosine similarity of BPA to the 50 most similar chemicals from the dataset was around 75%,
while PFOA and PFOS had an average similarity of only 17%. This low similarity arises because
PFOA and PFOS belong to the broader class of synthetic chemicals known as PFAS. In PFAS,
fluorine atoms replace hydrogen atoms in traditional hydrocarbon structures, creating a
perfluorinated tail. This unique structure gives PFAS distinctive properties such as heat and
water resistance. Fluorine—carbon bonds are extremely rare in nature, explaining the low cosine
similarity value. Because the natural chemicals were too structurally different from PFOA and

PFOS to be considered viable substitutes, the focus of the study was narrowed to finding



14

potential substitutes specifically for BPA.

Using cosine similarity, structurally similar compounds to BPA were identified and
assessed for biodegradability. The results revealed promising alternatives, including 3-Propionyl
Chromone, N-Acetyl-D-glucosamine, and Butyl Paraben, which were found to be biodegradable

and could serve as potential substitutes for BPA in plastics.

Conclusion

As plastic pollution and chemical exposure continue to pose health and environmental
risks, we must develop more efficient solutions to reduce dependence on slow, traditional
biodegradation testing. This project created high-performing machine learning models trained
with RDKit-generated molecular descriptors. The RDKit-trained models outperformed
PCA-based models in predicting the biodegradability of carcinogenic chemicals. Among the
tested algorithms, neural network and random forest models delivered the best overall
performance and met the design criteria for accurate and reliable classification. The neural
network achieved the highest accuracy, precision, and recall scores, along with the lowest false

positive rate, while the random forest model recorded the best AUC score.

In addition to classification, this project also aimed to suggest safer alternatives to toxic
additives. The analysis identified BPA as a viable candidate for substitution based on cosine
similarity with naturally occurring chemicals. The project identified biodegradable alternatives
for BPA, including 3-Propionyl Chromone, N-Acetyl-D-glucosamine, and Butyl Paraben. These
results demonstrate that machine learning can potentially reduce the time and resources needed
to evaluate chemical safety. By applying cosine similarity analysis, we found structurally similar

and more sustainable alternatives, offering a data-driven path forward in plastic production.



Overall, this research supports ongoing efforts to mitigate plastic pollution and reduce health

risks associated with persistent carcinogenic chemicals.
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