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The arduous and expensive nature of drug discovery has long been a
bottleneck in scientific progress. However, recent breakthroughs in
computational power, notably machine learning (ML) and artificial
intelligence (Al), are profoundly transforming the field. Automated machine
learning (AutoML) presents itself as a significant advancement, streamlining
model selection, and hyperparameter tuning. This study delves into the
potential of AutoML to accelerate drug discovery by comparing it to
classical ML techniques. The focus lies on predicting the bioactivity of
epidermal growth factor receptor (EGFR), a critical protein implicated in
many cancers. By utilizing the scalability of Apache Spark, vast and diverse
datasets encompassing biological, chemical, and genomic data tied to EGFR
are processed. This comparative analysis aims to evaluate the comparative
performance of both approaches, thereby contributing actionable insights to
drug discovery research.
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1. INTRODUCTION

Drug discovery remains a notoriously laborious and expensive endeavor, with traditional methods
relying heavily on manual expertise, leading to inefficiencies and a low success rate [1], [2]. However, the
dawn of machine learning (ML) and artificial intelligence (Al) offers hope, holding immense potential to
streamline the drug discovery process [3]-[5]. This study delves into this exciting frontier by comparing
classical ML techniques with the cutting-edge realm of automated machine learning (AutoML) [6], [7].

The focus honed in on the epidermal growth factor receptor (EGFR), a critical protein implicated in
many cancers [8]-[10]. To unlock valuable insights, we leverage the immense computational power of
Apache Spark [11], [12]. This allows us to efficiently analyze vast and diverse datasets encompassing
biological, chemical, and genomic data, all intricately linked to EGFR [13], [14].

Classical ML approaches Xu et al. [7] utilized classical ML algorithms such as linear regression
(LR) and random forest (RF) for predicting drug bioactivity against cancer targets [15]-[17]. Their study
demonstrated the effectiveness of ML in drug discovery tasks [18]-[20]. The authors proposed a deep
learning-based bioactivity prediction system, achieving superior performance compared to traditional ML
methods [12], [16], [21]. AutoML-based approaches have been applied to drug discovery tasks, notably
through AutoML-Zero [16], [22], [23], which demonstrated that AutoML frameworks can rival manually
constructed pipelines and offer a more efficient approach to model development [24]-[26]. Additionally,
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the AutoML-TS framework was applied to predict the bioactivity of natural compounds, further
demonstrating the effectiveness of AutoML across diverse drug discovery domains [1], [16], [26].

2. METHOD
2.1. Computational architecture and spark environment

In this study, as demonstrate in Figure 1, the objective of this study is to build upon existing research
by comparing classical ML techniques with AutoML approaches using Apache Spark [26], [27]. The
performance and scalability of each approach in predicting bioactivity for the EGFR target are evaluated [27].
Two main methodologies are proposed: a classical ML pipeline and an AutoML approach with Apache Spark,
which are delineated in two distinct pipelines for predicting bioactivity in drug discovery research [27], [28].
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Figure 1. Overview of the drug discovery process

2.2. EGFR bioactivity data acquisition

The classical ML pipeline involves a step-by-step process starting with the acquisition of data from
the ChEMBL database pertinent to the EGFR target. This is followed by a meticulous data preprocessing
phase encompassing cleaning, preprocessing, and transformation of the acquired data to prepare it for
analysis [28]. Subsequently, feature engineering extracts relevant features such as molecular descriptors and
biological properties from the preprocessed data [29].

2.3. Data preprocessing and feature engineering

Data preprocessing: for calculating molecular descriptors, only the columns moleculeChemblld,
canonicalSmiles, and standard value are retained, as they are essential for molecule identification, molecular
descriptors calculation, and representing the dependent variable (Y), respectively. This initial selection
ensures that the dataset contains only the core chemical structure and the experimentally determined
bioactivity required for quantitative analysis. Empty rows, which do not correspond to the expected binary
values in our dataset of molecular fingerprints, are removed and interpreted as outliers [29].

Data transformation: the primary transformation involves converting the target variable, PIC50, to
the negative logarithmic scale, which is specifically [30]. The PIC50 scale is standard practice in
cheminformatics, as it normalizes the concentration values (IC50) and simplifies interpretation. This
conversion helps achieve a more uniform (homogeneous) distribution of values, facilitating comparisons and
further analyses [30]. Feature selection: this step was undertaken to choose the most relevant and informative
variables, aiming to optimize algorithm performance while reducing model complexity. A loop with fClassif
was implemented for feature selection, which relies on the analysis of variance test to assess feature
relevance with respect to the target variable in a regression context [31].
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2.4. Data splitting (training and test sets)

By iteratively adjusting the parameter, the optimal number of features was searched to minimize the
mean squared error on a test set. The RF model identified the top 5 most important features, as shown in
Figure 2 PubchemFP378, PubchemFP601, PubchemFP447, PubchemFP373, and PubchemFP180. The
project is a supervised learning task where the data collection was divided into two parts: the training sample,
which represents the main portion of the dataset where algorithms learn, comprises 80% of the total data
[31]. The remaining 20% constitutes the test sample, which is exclusively used to evaluate the final model's
performance on unseen data by comparing its predictions against the true target variable values [31]. This
partitioning method ensures a reliable and objective assessment of model accuracy and robustness before
deployment in a real-world scenario.

Top 5 Feature Importance Scores from RandomForest
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Figure 2. Top 5 feature importance scores from RF

2.5. Classical machine learning model implementation

The model selection phase then ensues, where classical ML models like LR and RF are carefully
chosen [31], [32]. These selected models are trained on the preprocessed data, followed by an evaluation
phase to assess their performance using appropriate metrics [32]. The next step then involves fine-tuning the
hyperparameters of the best-performing models to further optimize the results [32].

2.6. Automated machine learning implementation

The AutoML approach was implemented by leveraging the distributed processing infrastructure of
Apache Spark [33]. Specifically, this study utilizes Apache Spark MLIib, Spark's ML library, to support the
automation steps for upstream tasks, including preprocessing and feature engineering [33]. To this end, a
custom-built AutoML pipeline was developed to manage task orchestration and hyperparameter optimization,
acting as an ad hoc mechanism for the iterative evaluation of multiple algorithms [33]. This process
compared LR and RF, ultimately selecting the gradient-boosted tree regressor (GBT regressor) model from
MLIib as the most performant for EGFR bioactivity prediction [33], [34].

3.  RESULTS AND DISCUSSION

Given the wide range of possibilities, the implementation part of classical models is first focused on
using four predictive algorithms, each with its advantages: LR, RF and GBT regressor [35]. The project
utilized a supervised learning approach, with the collected data divided into two distinct parts [35]. This
division is a fundamental step in ML to prevent model overfitting and ensure the predictive system
generalizes well to new, unseen data. Consequently, the entire dataset was systematically partitioned into a
training set for model learning and a separate test set for final performance evaluation [36].

3.1. Comparison of classical machine learning and automated machine learning results

Figures 3 and 4 compare the performance of classical ML and AutoML approaches in terms of
prediction accuracy, scalability, and efficiency. When comparing the AutoML model to classical models,
distinct advantages are observed [36]. The AutoML model demonstrates superior accuracy when compared
with the actual values in our dataset. Additionally, it exhibits fewer outliers, indicating a higher level of
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precision and reliability in its predictions [36]. These characteristics suggest that the AutoML approach is
capable of providing more accurate and trustworthy results [36], [37].
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Figure 3. Accuracy of predictions: classical ML models
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Figure 4. Accuracy of predictions: autoML models

Conversely, the classical models exhibit certain limitations [37]. They display lower levels of
accuracy, as evidenced by the greater dispersion of points, often deviating significantly from the identity line.
Moreover, these models tend to have more outliers, implying a heightened risk of substantial errors in
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prediction [37]. In summary, the comparison between AutoML and classical models reveals the former’s
superiority in terms of prediction accuracy. The AutoML approach not only achieved higher precision but
also demonstrated greater reliability in its predictions, making it a superior choice for this bioactivity
modeling task [37].

The confusion matrix allows us to visualize the predictions of the model and compare them to the
actual values. It provides a detailed understanding of model performance, identifying correctly and
incorrectly predicted cases. Specifically in the context of EGFR bioactivity prediction, the matrix helps
quantify crucial metrics like precision and recall for classifying active versus inactive compounds [37].

The analysis of Table 1 reveals the performance of various models used to predict the bioactivity of
the EGFR target. Evaluated metrics include root mean square error (RMSE), mean absolute error (MAE), and
the coefficient of determination (R?). Overall, the AutoML approach outperforms individual models such as
RF, LR, GBT regressor, and LR in terms of predictive accuracy [37], [38]. Specifically, AutoML
demonstrates lower RMSE and MAE values, indicating better alignment between predictions and actual
values. Additionally, AutoML achieves a higher R? suggesting a better explanation of data variance
compared to other models [38].

These results underscore the effectiveness of automation in model selection and configuration,
leading to improved performance in predicting EGFR target bioactivity. Additionally, both approaches
exhibit similar training times, with the AutoML approach demonstrating slightly faster training times
compared to the classical ML approach [38]. This suggests that leveraging Apache Spark for AutoML tasks
can lead to improved efficiency in model training. As we can see in the comparison of the performance graph
in Figure 5.

Table 1. Models’ metrics
Metrics  AutoML RF LR GBTR CatBoost

RMSE 0.98 1.18 1.14 1.13 122
MAE 0.7 093 0.8 0.85 0.86
R? 0.55 033 0.37 0.39 0.44
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Figure 5. Comparison of performance between classical and AutoML models based on R-squared

3.2. Error analysis and limitations

Despite demonstrating superiority over classical models, AutoML approach yielded R? of 0.55 [38].
This value is a modest performance for a critical application like drug discovery, as it indicates that the
model explains only about of the bioactivity variance [17]. Furthermore, the RMSE of signals a
non-negligible margin of error in the predictions, highlighting the need for further refinement to ensure
higher reliability [17]. To pursue higher predictive performance, our next research phase will involve
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advanced deep learning architectures, specifically CNN and ANN, alongside the integration of a substantial
increase in data volume [17], [38].

4. CONCLUSION

Accurately predicting the bioactivity of potential drug candidates is a crucial step in the notoriously
slow and expensive drug discovery process. This study investigates the potential of Apache Spark to leverage
ML for more efficient drug discovery by conducting a comparative analysis of classical ML techniques and
AutoML. We focus on the EGFR, a protein known to play a central role in the development of many cancers.
By accurately predicting the bioactivity of potential drugs targeting EGFR, researchers can prioritize
promising candidates and expedite the drug discovery process. This study conducts a comparative analysis of
two key ML approaches: classical ML techniques and AutoML. The core objective of this comparison was to
determine which approach offers the most efficient, scalable, and accurate pipeline for this critical target in
drug discovery. Classical ML methods require significant expertise in selecting and fine-tuning algorithms
and features. AutoML, on the other hand, automates these steps, streamlining the workflow and potentially
making the process more accessible to a broader range of researchers. The findings reveal that AutoML
surpasses classical ML in this specific application. AutoML achieved superior accuracy in predicting the
bioactivity of potential EGFR-targeting drugs. This not only accelerates the drug discovery process but also
increases the likelihood of identifying effective treatments for various cancers.
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