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Abstract. Predicting aqueous solubility is pivotal for selecting materials in
pharmaceuticals, environmental, and renewable energy fields. For instance,
it plays a vital role in drug development and the design of chemical and
synthetic routes. In the realm of Cheminformatics, the accurate prediction of
molecule solubility is indispensable for drug discovery and development.
Traditional methods often rely on labor-intensive experimental assays,
presenting challenges in terms of time and cost. To address these limitations,
this study leverages advanced machine learning techniques to predict
molecule solubility with exceptional accuracy. Using the PyCaret library, a
versatile low-code machine learning tool, we develop and evaluate a diverse
set of linear regression models. Key performance metrics, including R?,
RMSLE, MAE, MSE, MAPE, and RMSE, are employed to assess model
performance comprehensively. Through rigorous model comparison and
evaluation, we identify the optimal model for predicting molecule solubility.
Our findings not only demonstrate the efficacy of machine learning in
Cheminformatics but also offer insights into the complex relationship
between molecular features and solubility. This study contributes to the
advancement of computational chemistry by bridging the gap between
theory and practice. By elucidating the predictive capabilities of machine
learning models, we pave the way for more efficient and cost-effective drug
discovery processes.

1 Introcuction

The solubility of molecules in water is a critical factor affecting the effectiveness of
numerous applications. Anticipating aqueous solubility is essential for material selection
across pharmaceuticals, environmental, and renewable energy sectors. Notably, it is integral
to drug development as well as the planning of chemical and synthetic pathways [1]. In the
domain of Cheminformatics, a convergence of computational techniques and chemical
sciences, the quest for enhancing our understanding of the critical physicochemical properties
in drug discovery and development has taken center stage [2]. Among these properties, the
solubility of molecules stands out as a pivotal determinant of their bioavailability and efficacy
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[3]. The ability to accurately predict molecule solubility is therefore of paramount importance
in pharmaceutical research and development. However, despite significant advancements in
computational chemistry and machine learning, predicting molecule solubility remains a
formidable challenge due to the complex interplay of molecular structure and environmental
factors. Traditional methods often rely on labor-intensive experimental assays, which are
time-consuming and costly. Moreover, existing computational approaches may lack the
accuracy and scalability required for real-world applications.

To address these challenges, this study embarks on a journey to harness the power of
advanced machine learning techniques in predicting molecule solubility. Motivated by the
ambition to reproduce linear regression models with exceptional performance, we leverage
the capabilities of PyCaret [4], a versatile low-code machine learning library that streamlines
the modeling process. Molecules, pivotal in various scientific fields, are analyzed through
Cheminformatics, leveraging computational tools for predictive insights. SMILES notation,
compact and machine-readable, aids in representing chemical structures, enabling diverse
computational operations and advancing research in multiple scientific domains. In
molecular chemistry, standardized representation through Canonical Smiles is crucial for
computational analysis. RDKit, a robust toolkit in cheminformatics, facilitates feature
extraction like molecular weight and LogP, aiding predictive modeling and virtual screening,
thus advancing molecular property exploration [5].

PyCaret, a Python library for machine learning, simplifies model development by offering
a unified framework for data preprocessing, model selection, and deployment [6]. It abstracts
away complexities like algorithm implementation and hyperparameter tuning, enabling users
to focus on higher-level tasks such as feature engineering. With its user-friendly interface
and extensive documentation, PyCaret accelerates model development and deployment by
fostering rapid experimentation and iteration [7]. It offers a diverse range of machine learning
algorithms and seamless integration with popular libraries like scikit-learn and XGBoost,
enhancing versatility and real-world applicability [8]. PyCaret's interpretability tools provide
insights into model predictions, while its deployment capabilities ease the transition from
prototyping to production, making it a pivotal advancement in democratizing machine
learning [9].

Our work is guided by the overarching goal of developing predictive models that not only
rival but surpass the accuracy of traditional methods. By evaluating a diverse set of linear
regression models against key performance metrics, including R?, RMSLE, MAE, MSE,
MAPE, and RMSE, we aim to identify the optimal model for predicting molecule solubility.
Through this research, we seek to contribute to the growing body of knowledge at the
intersection of computational chemistry and machine learning. By elucidating the intricate
relationships between molecular features and solubility, we endeavor to pave the way for
more efficient and cost-effective drug discovery processes. In the subsequent sections, we
delve deeper into the methodology employed, the results obtained, and the implications of
our findings for pharmaceutical research and beyond.

2 METHODS AND MATERIALS

In this section, we outline the methodology and materials employed throughout our study.
The section is subdivided into four key components: dataset collection, feature generation,
machine learning implementation, and evaluation metrics.
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2.1 Dataset Collection

The datasets utilized in this study were obtained from the freely accessible Chembl
database [10], a comprehensive repository of bioactive molecules with drug-like properties.
Chembl offers a diverse collection of molecular structures along with associated
experimental data, making it a valuable resource for various research endeavors in drug
discovery and computational chemistry. For our analysis, we downloaded two distinct
datasets from Chembl, each comprising molecular structures and corresponding solubility
values. The lengths of the datasets used in our study are 2696 and 8832, respectively,
providing a substantial corpus of data for analysis and modelling.

2.2 Feature Generation

Following dataset collection, we proceeded with feature generation to prepare the data
for subsequent modeling tasks. To this end, we leveraged the RDKit library [11], a powerful
toolkit for cheminformatics and molecular modeling in Python. We employed a custom
function to generate molecular descriptors from the SMILES representations of the molecules
[12, 13, 14], encapsulating essential physicochemical properties such as logarithm of the
octanol-water partition coefficient (MolLogP), molecular weight, and the number of rotatable
bonds. Additionally, we computed the count of aromatic atoms as an indicative feature of
molecular aromaticity. These descriptors serve as informative features for predictive
modeling, capturing critical attributes of molecular structures that influence solubility. The
resulting feature matrix provides a comprehensive representation of the molecular dataset,
facilitating subsequent analysis and modeling endeavors.

2.3 Evaluation metrics

In the realm of predictive modeling, the selection of appropriate evaluation metrics plays
a pivotal role in assessing the performance and efficacy of machine learning algorithms. In
our study, we employ a comprehensive suite of evaluation metrics to gauge the accuracy,
robustness, and generalization capabilities of the predictive models. These metrics
encompass various aspects of prediction quality and model fit, providing insights into
different facets of model performance.

e  Mean Absolute Error (MAE): MAE quantifies the average magnitude of errors
between predicted and actual values, providing a straightforward measure of
prediction accuracy. It is calculated as the average absolute difference between
predicted and actual values [15].

e Mean Squared Error (MSE): MSE measures the average squared difference
between predicted and actual values, emphasizing larger errors due to its squared
term. It offers insights into the

e variance of prediction errors across the dataset [15].

e Root Mean Squared Error (RMSE): RMSE is the square root of MSE,
representing the average magnitude of errors in the same units as the target
variable. It provides a more interpretable measure of prediction accuracy
compared to MSE [16-17].

e Coefficient of Determination (R2): R2, also known as the coefficient of
determination, quantifies the proportion of variance in the target variable that is
explained by the model. It ranges from 0 to 1, with higher values indicating
better model fit [18].

e Root Mean Squared Logarithmic Error (RMSLE): RMSLE measures the ratio
between predicted and actual values on a logarithmic scale, making it suitable
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for datasets with a wide range of target variable values. It penalizes
underestimation and overestimation equally.

e Mean Absolute Percentage Error (MAPE): MAPE calculates the average
percentage difference between predicted and actual values, offering insights into
prediction accuracy relative to the scale of the target variable.

e Time Taken (TT): TT denotes the time taken by the model to train and make
predictions, providing valuable information on computational efficiency and
scalability.

2.4 Machine Learning Implementation

Following a comprehensive comparison of various machine learning algorithms, we
determined that Linear Regression [19], exhibited promising performance characteristics
suited to our prediction task. In the subsequent section of results, we will present a detailed
analysis of the comparative outcomes across different algorithms, elucidating the rationale
behind our selection. Leveraging the PyCaret library for streamlined machine learning
experimentation, we proceeded to implement the Linear Regression algorithm to develop a
predictive model for solubility prediction. PyCaret's intuitive interface and automated
workflows facilitated the seamless integration of the Linear Regression model into our
analysis pipeline. Utilizing the create_model function provided by PyCaret, we instantiated
the Linear Regression model with minimal configuration, enabling us to focus our efforts on
feature engineering and model interpretation. The versatility and efficiency of PyCaret played
a crucial role in expediting the model implementation process, empowering us to harness the
full potential of Linear Regression for solubility prediction [20].

3 Results And Discussion

3.1 Model Results and Interpretation

In this section, we present the results of our model setup using the PyCaret library, detailing
the configuration and outcomes for each dataset. The section is divided into two subsections
corresponding to the results for Dataset 1 (with a length of 2696) and Dataset 2 (with a length
of 8832). Following the presentation of results, we provide interpretation and insights into
the model setup for each dataset.
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Table 1. Model Setup Results for the Two Datasets

Description Value (Dataset 1) Value (Dataset 2)
Session id 2684 2684
Target LogS LogS
Target type Regression Regression
Original data shape (2696, 5) (2696, 5)
Transformed data shape (2696, 5) (2696, 5)
Transformed train set shape (2156, 5) (2156, 5)
Transformed test set shape (540, 5) (540, 5)
Numeric features 4 4
Preprocess True True
Imputation type simple simple
Numeric imputation mean mean
Categorical imputation mode mode
Fold Generator KFold KFold
Fold Number 10 10
CPU Jobs -1 -1
Use GPU False False
Log Experiment False False
Experiment Name reg-default-name reg-default-name
USI 2400 2400

The model setup for Dataset 1 involved a regression task targeting the LogS [21]
(logarithm of the solubility) variable. The dataset consisted of 2696 samples, with 4 numeric
features. Preprocessing was enabled, including simple imputation for missing values using
the mean for numeric features and the mode for categorical features. A 10-fold cross-
validation strategy was employed for model evaluation. The setup was executed on a CPU
with parallel processing enabled.

The model setup for Dataset 2 mirrored that of Dataset 1, involving a regression task
targeting the LogS variable. Despite differences in dataset length, the configuration remained
consistent, with preprocessing enabled and a 10-fold cross-validation strategy employed for
evaluation. This setup ensures a standardized approach to model development and
assessment across datasets, facilitating reliable comparisons and interpretation of results.

3.2 Model Comparison and Evaluation

comparative analysis of various machine learning models applied to each dataset. The
performance metrics for each model are provided, including Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Coefficient of
Determination (R2), Root Mean Squared Logarithmic Error (RMSLE), Mean Absolute
Percentage Error (MAPE), and Time Taken (TT) for training and evaluation. Screenshots for
the results of both Dataset 1 (with a length of 2696) and Dataset 2 (with a length of 8832) are
included for reference.
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3.3 Linear Regression Model Performance

In this subsection, we present the performance metrics of the Linear Regression model
applied to both datasets. The evaluation metrics include Mean Absolute Error (MAE), Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), Coefficient of Determination
(R2), Root Mean Squared Logarithmic Error (RMSLE), and Mean Absolute Percentage Error
(MAPE) for each fold of cross-validation. Additionally, the mean and standard deviation of
these metrics across folds are provided for a comprehensive understanding of model
performance and variability.

These results indicate the exceptional performance of the Linear Regression model on
both datasets, with consistent and perfect scores across all evaluation metrics and folds. The
mean and standard deviation values further confirm the model's stability and robustness in
predicting solubility values.

Table 2. Model Evaluation Metrics Across Folds (Length: 2696)

-Fold- -MAE- -MSE- -RMSE- -R2- -RMSLE- | -MAPE-
NO 0.0 0.0 0.0 1.0 0.0 0.0
N1 0.0 0.0 0.0 1.0 0.0 0.0
N2 0.0 0.0 0.0 1.0 0.0 0.0
N3 0.0 0.0 0.0 1.0 0.0 0.0
N4 0.0 0.0 0.0 1.0 0.0 0.0
NS5 0.0 0.0 0.0 1.0 0.0 0.0
N6 0.0 0.0 0.0 1.0 0.0 0.0
N7 0.0 0.0 0.0 1.0 0.0 0.0
N8 0.0 0.0 0.0 1.0 0.0 0.0
N9 0.0 0.0 0.0 1.0 0.0 0.0
Mean 0.0 0.0 0.0 1.0 0.0 0.0
Std 0.0 0.0 0.0 1.0 0.0 0.0

Table 3. Model Evaluation Metrics Across Folds (Length: 8832)

Fold MAE MSE RMSE R2 RMSLE MAPE
NO 0.0 0.0 0.0 1.0 0.0 0.0
N1 0.0 0.0 0.0 1.0 0.0 0.0
N2 0.0 0.0 0.0 1.0 0.0 0.0
N3 0.0 0.0 0.0 1.0 0.0 0.0
N4 0.0 0.0 0.0 1.0 0.0 0.0
NS 0.0 0.0 0.0 1.0 0.0 0.0
N6 0.0 0.0 0.0 1.0 0.0 0.0
N7 0.0 0.0 0.0 1.0 0.0 0.0
N & 0.0 0.0 0.0 1.0 0.0 0.0
N9 0.0 0.0 0.0 1.0 0.0 0.0
Mean 0.0 0.0 0.0 1.0 0.0 0.0
Std 0.0 0.0 0.0 1.0 0.0 0.0
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3.4 Visualization of Model Results

In this subsection, we present visualizations of the model results for both datasets using
PyCaret's plotting functionalities. Despite the availability of numerous plots provided by
PyCaret, we have chosen to focus on two specific plots due to space constraints. The selected
plots are 'Residuals Plot' and 'Prediction Error Plot', which provide insights into the model's
performance and error distribution.

e Residuals Plot

The Residuals Plot visualizes the difference between actual and predicted values
(residuals) against the predicted values. This plot helps in assessing the model's ability to
capture the underlying patterns in the data [22-23].
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Fig 1. Residuals for LinearRegression model (Length: 2696)
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Fig 2. Residuals for LinearRegression model (Length: 8832)
e  Prediction Error Plot

The Prediction Error Plot displays the distribution of errors (the difference between actual
and predicted values) across the dataset. It allows us to identify any patterns or trends in the
errors and assess the model's predictive accuracy [24-25]. These visualizations offer valuable
insights into the performance and behavior of the Linear Regression model on both datasets.
While only two plots are presented here, PyCaret offers a wide range of additional plots for
in-depth analysis, including feature importance, correlation matrix, and learning curve plots.

7
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Fig 3. Prediction Error for LinearRegression (Length: 2696)
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Fig 4. Prediction Error for LinearRegression (Length: 8832)

Our study provides essential insights within the broader landscape of machine learning
and predictive analytics, offering readers a comprehensive understanding of solubility
prediction. Through a thorough evaluation of various machine learning algorithms, we guide
readers in selecting suitable approaches for their needs. Leveraging PyCaret streamlined our
workflow, enhancing reproducibility and collaboration. Transparent methodology ensures
result reproducibility and validity scrutiny. The robust performance of the Linear Regression
model underscores its efficacy, supported by intuitive visualizations offering actionable
insights. Our study aids readers in model selection, offers methodological insights for
refinement, and showcases practical implementation with PyCaret. Discussion of future
research directions inspires exploration of advanced techniques and interdisciplinary
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collaborations. In summary, our article contributes to scientific knowledge, empowering
researchers with informed decision-making tools for solubility prediction.

4 CONCLUSION

In conclusion, our study presents a thorough analysis of machine learning algorithms for
solubility prediction, leveraging the PyCaret library to streamline model development and
evaluation. Through meticulous experimentation and transparent methodology, we've
demonstrated the robust performance of the Linear Regression model across diverse datasets,
providing valuable insights into its efficacy for solubility prediction tasks. Our findings
underscore the importance of methodological rigor and model transparency in machine
learning research, facilitating reproducibility and enabling informed decision-making in
pharmaceutical and chemical applications. By offering intuitive visualizations and
comparative analyses, we empower researchers and practitioners to make informed choices
regarding model selection and workflow optimization.
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