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Abstract: In the realm of modern drug discovery, the integration of chemoinformatics and quanti-

tative structure-activity relationship (QSAR) modeling has emerged as a formidable alliance, ena-

bling researchers to harness the vast potential of machine learning (ML) techniques for predictive 

molecular design and analysis. This review delves into the fundamental aspects of chemoinformat-

ics, elucidating the intricate nature of chemical data and the crucial role of molecular descriptors in 

unveiling the underlying molecular properties. Molecular descriptors, including 2D fingerprints 

and topological indices, in conjunction with the structural-activity relationships (SARs), play a piv-

otal role in unlocking the pathway to small-molecule drug discovery. Technical intricacies of devel-

oping robust ML-QSAR models, including feature selection, model validation, and performance 

evaluation, are discussed herewith. Various ML algorithms, such as regression analysis and support 

vector machines, are showcased in the text for their ability to predict and comprehend the relation-

ships between molecular structures and biological activities. This review serves as a comprehensive 

guide for researchers, providing an understanding of the synergy between chemoinformatics, 

QSAR, and ML. By embracing these cutting-edge technologies, predictive molecular analysis holds 

promise for expediting the discovery of novel therapeutic agents in the pharmaceutical sciences. 

Keywords: QSAR/QSPR; cheminformatics; small-molecules; AI/ML; molecular descriptors; biolog-

ical activity; SAR; predictive modeling; computational validation 

 

Introduction 

In 1998, the term “chemoinformatics,” coined by Frank K. Brown, was aimed to expedite the 

drug discovery and development process; however, now, cheminformatics has a pivotal role in many 

areas of biology, chemistry, and biochemistry. The general process of drug discovery took 12 to 15 

years and involved investments of around $500 million at that time. Recent advances in Artificial 

Intelligence (AI) and Machine Learning (ML) have revolutionized chemoinformatics and drug dis-

covery by many folds. The global small molecule drug discovery market amounted to $75.96 billion 

in 2022 and is projected to hit around $163.76 billion by 2032.1 2 

In contrast to previously well-established statistics, mathematics, and physics-based stand-alone 

models, ML has introduced a paradigm shift enabling computers to learn from data and make pre-

dictions without relying solely on explicit rules or predefined mathematical equations. These algo-

rithms can discover complex patterns and relations in 3D chemical structures and biological activity 

data, adaptively adjust their models based on feedback, and generalize from training examples to 

make accurate predictions on new, unseen data. This data-driven approach has opened new avenues 

for optimizing drug-target interactions, empowering target-based drug discovery, chemical library 

screening, molecular modeling, mechanics, and dynamics, prioritizing potential drug candidates, 

and predicting possible toxicological responses of biologics with improved accuracy and efficiency. 

In this review, we will explore the current state of research, the potential integration of ML-driven 

chemoinformatics tools and techniques in drug discovery, and the challenges and limitations of using 
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these methods. Through a comprehensive analysis of recent studies and developments, we aim to 

provide insights into the exciting possibilities this integration holds for the future of small molecule 

drug discovery and design. 

Exploration of chemoinformatics 

At the intersection of chemistry and informatics, chemoinformatics has emerged as a potent field 

in drug discovery employing inductive learning to predict chemical phenomena.3 4 With the expo-

nentially growing availability of chemical data, the application of ML in chemoinformatics has revo-

lutionized the way researchers now explore, analyze, and predict the properties and activities of mol-

ecules, and then a few decades ago, expediting the process by many folds. It focuses on molecular 

engineering, molecular manipulation, library design, compound database searching and chemical 

space exploration, molecular graph mining, pharmacophore, and scaffold analysis. 5 6 7 8 9  

Fundamentals of Chemoinformatics 

ML models perform prediction tasks based on chemical training data provided in the form of 

mathematical equations or a numerical representation. This transformation of compound structures 

into machine-learning-ready chemical data involves a complex, multilayer computational process. 

The process encompasses descriptor generation, molecular graphs, fingerprint construction, similar-

ity analysis, chemical-space search, molecular dynamic simulations, etc. Each layer is interwoven 

with the preceding layers, significantly influencing the interpretation of the chemical data by the ma-

chine learning models and enhancing their predictive capabilities. 

Data Mining and Chemical Databases 

Training ML models requires chemical data, and chemoinformatics involves using chemical da-

tabases to store and retrieve chemical information. These databases can search for specific molecules 

or analyze large chemical data sets. The training of models relies heavily on managing and utilizing 

chemical databases that store vast amounts of chemical information, including compound structures, 

biological activities, and other relevant physiochemical properties. These databases facilitate data 

mining, knowledge discovery, and information retrieval for target prediction. Specialized databases 

of naturally existing compounds, including LOTUS, 10 COCONUT,11 SuperNatural-II,12 NPASS,13 

SymMap,14 TCMSP, 15 and TCMID,16 provide valuable resources. These databases contain compre-

hensive information on compound structures, molecular physicochemical properties, and molecular 

descriptors.  

Utilizing the known structures of these compounds, abductive methods to transfer knowledge 

regarding mechanisms based on structural similarities can be leveraged. Various similarity scores, as 

mentioned before, can be computed, considering the similarity of 1D structures (e.g., SMILES-based 

similarity), 2D structures (e.g., 2D fingerprints-based similarity), and even 3D structures (e.g., 3D 

shape similarity). Previous studies have identified several metrics suitable for molecular similarity 

calculations, including the Tanimoto index, Dice index, Cosine coefficient, and Soergel distance. 17 18 

Furthermore, chemical bioactivity and structural data can be acquired from drug databases like 

ChEMBL,19 BindingDB, 20 DrugBank, 21 Inxight, 22 Protein Data Bank23 , etc.  

Chemical Data Representation 

Chemical data representation is subdivided into empirical, molecular, and structural data and 

can be represented in molecular graphs, fingerprints, descriptors, etc. 24 25 Chemical and biological 

data is translated into computer-understandable form before models are trained on them. Genomic 

characterization through a multivariate Random Forest model was trained on genomic sequencing 

data given as numbers in one study.26  In another, Naive Bayesian (NB) model was developed on 

numeric-based activity data, representing antagonists' binding on estrogen receptors.27  For the pre-

diction of the properties of small molecules based on ADMET (absorption, distribution, metabolism, 

excretion, and toxicity), an ML-based model was trained on 31 chemical numerical data sets acquired 
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from Merck.28 Similarly, molecular fingerprint data has also been used to train such models for AD-

MET properties prediction. NB and QSAR integrated models have been used to predict active com-

pounds against Human Immunodeficiency virus type-1 trained on descriptors including extended-

connectivity fingerprint data.29 Furthermore, Graph Neural Networks (GNNs) operate on the graph-

structure-data of 3D molecules and have been used to identify potential drug molecules.30 Besides 

the choice of representation, data augmentation, and pre-processing, the twin curse of dimensionality 

and collinearity must be tackled.  

When encountered in these data representations and modeling approaches, the twin curse of 

dimensionality and collinearity is catered through Principal Components Analysis (PCA), Partial 

Least Squares (PLS), and other available techniques. The data often involve many genomic or chem-

ical descriptors in genomic characterization and small molecule property prediction. This high-di-

mensional feature space can lead to overfitting, decreased model interpretability, and increased com-

putational complexity. In studies involving activity data, binding assays, or molecular fingerprints, 

collinearity can arise from strong correlations or dependencies among these input variables. Highly 

correlated variables can introduce redundancy and multicollinearity issues, leading to unstable 

model estimates and difficulties in interpreting the contributions of individual variables. 

To address these challenges, dimensionality reduction techniques such as feature selection, fea-

ture extraction, data regularization, penalization, and genetic algorithms can help mitigate these is-

sues by imposing constraints and encouraging sparsity. Principal Components Analysis (PCA) and 

Partial Least Squares (PLS) are generally used to transform large sets of correlated variables into 

smaller sets of uncorrelated ones. PCA has been used to explore complex datasets in QSAR and di-

mensionality reduction. A study investigating PCA's different applications in QSAR uses a dataset 

including CCR5 inhibitors. PCA has been used to detect outliers in the datasets as well. Another 

study used PCA to analyze the original data matrix in which molecules are represented by several 

predictor variables (molecular descriptors). PCA has also been used to decorate features for estrogen 

receptor binding prediction. Furthermore, observations revealed enhanced performance in predict-

ing activity against a diverse range of pharmacological protein targets using kernel-principal compo-

nents analysis (kernel-PCA) and a nonlinear variant of PCA, surpassing the predictive capabilities of 

LASSO regression. 

Similarly, Partial Least Squares (PLS) have been employed to discern significant structural pat-

terns that contribute to the biological activity of a molecule. The efficiency and accuracy of PLS in 

combination with unsupervised dimensionality reduction techniques surpass the approach of explic-

itly combining unsupervised dimensionality with multivariate regression. PLS is also widely utilized 

in the field of 3D-QSAR modeling. 31 32 33 

Molecular Descriptors 

Molecular descriptors are numerical representations that capture chemical compounds' various 

structural, physicochemical, and biological properties. These descriptors are quantitative measures 

used for similarity analysis, virtual screening, and predictive modeling. Chemical molecular de-

scriptors can be 0D, 1D, 2D, 3D or 4D: 34 35 36 37 

• 0D Descriptors: These are constitutional or count descriptors, scalar values that de-

scribe several atoms, bonds, or functional groups in the molecule. i.e., molecular 

weight. 

• 1D Descriptors: These descriptors capture molecular properties in one dimension 

along a linear sequence or chain of atoms. i.e., Structural fragments or fingerprints 

• 2D Descriptors: These descriptors provide information about the molecular structure 

and properties within a 2D plane. i.e., Topological polar surface area (TPSA) and 

graph invariants. 

• 3D Descriptors: These descriptors describe the molecular properties in 3D space, con-

sidering the spatial arrangement of atoms. i.e., autocorrelation descriptors, substitu-

ent constants, surface: volume descriptors, quantum, chemical descriptors, 3D-
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MoRSE descriptors, WHIM descriptors, GETAWAY descriptors, size, steric, surface, 

and volume descriptors, etc. 

• 4D Descriptors: These descriptors encompass properties that change over time or in-

volve spatiotemporal aspects. i.e., Drug dissolution rate, Volsurf, and GRID or 

CoMFA methods. 

Table 1. Common chemical 0D to 4D descriptors for QSAR/QSPR analysis. 

De-

scriptor 

Dimen-

sion 

Descriptor Type Example 

0D Number of atoms, 

bonds, and functional 

groups in the mole-

cule 

Molecular weight, LogP (partition coefficient) 

1D Molecular properties 

in a linear manner 

Molecular Formula, SMILES (Simplified Molecular Input 

Line Entry System) Strings 

2D Topological polar sur-

face area (TPSA) 

Molecular fingerprint (e.g., Morgan fingerprint), 

Constitutional descriptors (e.g., number of atoms, bonds, 

and rings) 

3D Special properties of a 

molecule 

Molecular shape descriptors (e.g., volume, surface area), 

Pharmacophore features 

4D Electrostatic potential 

descriptors with spa-

tiotemporal aspects 

Molecular dynamics descriptors, radius of gyration (Rg), 

solvent accessible surface area (SASA), Time-dependent 

properties (e.g., dynamic polar surface area (dPSA), time-

dependent dipole moment. 

These molecular descriptors have been used to select the most relevant properties. MoDeSus is 

an ML-based tool to determine the most informative molecular descriptors for QSAR studies. Molec-

ular descriptors have been used to compare QSAR and QSPR models and can hasten early drug dis-

covery by enabling ligand-based scaffold hopping for hit and lead optimization. Although each type 

of descriptor plays a vital role, 3D and 4D descriptors have shown the most significant contribution 

to identifying active molecules and potential drug targets. 4D descriptors like CoMFA and GRID 

have been used to identify active sites of receptors and characterize interactions providing insight 

into the functional properties of small molecules. 38 39 40 

Structure-Activity Relationship (SAR) Analysis 

SAR analysis investigates the relationship between the chemical structure of a compound and 

its biological activity or property. It plays a key role in investigating potential bioactivity on changes 

in the chemical structure of drugs. Similarity analysis is interested in quantifying the degree of the 

structural or chemical similarity between compounds and extrapolating chemical properties from 

molecular similarity. Structure-activity relationship (SAR) models assume a correlation between cal-

culated similarity and specific properties of small molecules like biological activities. This similarity 

analysis is used to transform and analyze chemical data, determine the relationship between the 

chemical structure and the function of molecules, and design new compounds or optimize the com-

pounds of interest.41 

Similarity search mainly aims to find compounds with similar bioactivity to a reference molecule 

but with different chemotypes. This results in scaffold hopping - derivatives acquired from a refer-

ence compound with a novel core structure. Computational exploration for scaffold hops includes 

3D shape-based similarity search, fingerprint-based similarity search, pharmacophore matching, and 

fragment replacement techniques. Multimodal Deep transformer neural approach for scaffold hop-

ping aids in designing molecules of novel scaffolds with improved pharmaceutical activity and sim-

ilar 3D structure but dissimilar 2D structure.42 43 44 45 
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SARs is also used in diversity quantification, outlier and novelty analysis, clustering, and inter-

molecular comparisons. AIMSim, a unified platform, performs similarity-based tasks using binary 

similarity metrics and molecular fingerprints on molecular datasets.46 Another tool, Similarity En-

semble Approach (SEA), was employed in a study to predict accuracies of k-Nearest Neighbors 

(kNN) QSAR models built for known ligands of each GPCR target independently to identify active 

and inactive compounds. 47 Similarly, ChemSAR is an online pipelining platform for molecular SAR 

modeling that provides an integrated web-based platform for generating SAR classification models. 

The SAR Matrix (SARM) concept is a method used in multiple studies for the identification and struc-

tural organization of analog series, SAR analysis, and compound design. 48 49 50 The SARM method-

ology was expanded with the introduction of DeepSARM, which incorporated deep learning and 

generative modeling. This enhancement allowed for target-based analog design, considering com-

pound information from related targets to enhance structural novelty and diversity.51 By examining 

SAR, chemoinformatics helps understand the structure-activity patterns, identify critical structural 

features, and predict the activity of new compounds through QSAR models.  

QSAR 

QSAR analysis enables the prediction of the biological response or activity of a ligand from its 

physicochemical properties using QSAR models.52 QSAR modeling tools have been utilized to iden-

tify potential drug candidates and have evolved into AI-based QSAR approaches.53 Modern machine 

learning techniques can be used to model QSAR or quantitative structure–property relationships 

(QSPR) and develop artificial intelligence-based predictive models. 54 55 Cheminformatics, QSAR, 

and machine learning applications have been used to showcase different structure-based, ligand-

based, and machine learning-based approaches for drug development. QSAR/QSPR models employ 

information on multiple levels, i.e., chemical data, descriptors, molecular graphs, fingerprints, simi-

larity analyses, molecular dynamic simulations, etc., to predict the most optimal properties of a po-

tential drug.  

The current approach in constructing QSAR models typically involves generating descriptors 

for the compounds in the training set, applying descriptor selection algorithms, and employing sta-

tistical fitting methods to build the model. Nevertheless, there have been investigations into the po-

tential of developing high-quality, interpretable QSAR models for large and diverse datasets without 

relying on pre-calculated descriptors. To achieve this objective, these studies explore using deep 

learning techniques, precisely long short-term memory neural networks.56   

QSAR Modeling 

The standardized procedure for building QSAR models in drug discovery encompasses a series 

of modular steps that incorporate the afore-discussed chemoinformatics and machine learning tech-

niques. By following the protocol, QSAR modeling aided by ML and DL (deep learning) can predict 

the properties or activities of chemical compounds, toxicity, and other related physiochemical prop-

erties. 

Molecular Encoding 

Molecular encoding is like chemical data representation transformation, as discussed before. The 

chemical features and properties of compounds are derived either directly from their chemical struc-

tures or through a lookup of experimental results. This process involves extracting relevant infor-

mation from the molecular structure, such as atom types, bond types, functional groups, and physi-

cochemical properties. 

Feature Selection 

Feature selection in QSAR aims to identify the most informative and relevant features from a 

larger set. It involves techniques such as univariate analysis, filter methods, wrapper methods, and 

embedded methods. Hybridizing feature selection, feature learning approaches, and unsupervised 
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learning techniques are used to identify the most relevant properties and reduce the dimensionality 

and collinearity of the feature vector. These methods have proved effective in maintaining a reason-

able computational effort without losing the accuracy of the final QSAR models.57 

Model training 

During the model training and learning phase of QSAR modeling, a supervised machine learn-

ing model is generally employed to uncover an empirical function that effectively maps input feature 

vectors to biological responses. This function is optimized to achieve the best possible mapping. It is 

crucial to carefully select and consider the SAR datasets and descriptors used for training and model 

validation to ensure the development of accurate QSAR models. 58 

Machine Learning-based QSAR Modeling 

Machine learning models can be categorized into supervised and unsupervised learning. Super-

vised learning involves training a model with labeled data to make predictions based on known in-

put-output relationships (e.g., linear regression and support vector machines). Unsupervised learn-

ing analyzes unlabeled data to discover underlying patterns and relationships without explicit guid-

ance (e.g., clustering and dimensionality reduction).  

QSAR involves training supervised learning models using labeled datasets, where the input fea-

tures represent the chemical structures and the output labels represent the corresponding biological 

activities, toxicity, or other properties. Furthermore, unsupervised learning techniques can be applied 

in QSAR to uncover hidden patterns or relationships within the chemical data, such as clustering 

similar compounds based on their structural similarities or reducing the dimensionality of the da-

taset. QSAR models can be built using traditional methods like Random Forest, Multiple Linear Re-

gression, Naïve Bayes, K-nearest Neighbours, Support Vector Machine, or Deep Neural Network 

(DNN). A comparative study found that the DNN approach outperformed traditional QSAR meth-

ods in Triple-negative breast cancer (TNBC) inhibitors and G-Protein Coupled Receptors (GPCR) ag-

onist discovery.59 

Regression Analysis 

Regression analysis is a statistical method to model the relationship between a dependent vari-

able and one or more independent variables. It aims to find the best-fit line that minimizes the sum 

of squared residuals. The relationship between variables can be inferred by estimating the regression 

equation coefficients. Early QSAR techniques like Hansch and Free Wilson analysis extensively use 

multivariate linear regression. Since QSAR deals with multidimensional data, the twin curses must 

be tackled before further processing chemical data. Many variations and ensembles of regression 

analysis are now employed for predictive modeling in QSAR. 

Network-based linear regression has been used to build interpretable QSAR models by combin-

ing elements of network analysis and piecewise linear regression. In a study on Polo-Like Kinase-1 

inhibitors, linear regression QSAR models were developed to search for predictive models on a large 

and structurally diverse dataset of 530 compounds. Another variation of the regression model, a Dis-

criminant-Regression Model (DIREM), an ordinary discrete-continuous QSAR approach, combines 

discriminant and regression analyses to explore structure-activity relationships for compounds. A 

comparative analysis study conducted on 5-nitrofuran-2-yl derivatives as inhibitors of Mycobacte-

rium tuberculosis H37Rv, evaluated the performance of PLS-based QSAR models and compared 

them with results obtained from Multi Linear Regression (MLR) and Principal Component Regres-

sion (PCR). The results of PLS and MLR analysis showed significant predictive power and reliability 

compared to PCR, vouching for the reliability of these methods. 60 61 62 63 64 Although linear regres-

sion analysis and its derivates have been successfully employed in many drug optimization studies, 

underlying linearity, overfitting, limited interpretability, the need for high-quality data, and invalid 

vector space assumptions are significant limitations. 
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K-nearest Neighbor 

The k-nearest neighbors (kNN) algorithm represents labeled and unlabeled data nodes in a mul-

tiple-dimensional feature space. The kNN methodology relies on a simple distance learning approach 

whereby an unknown member is classified according to most of its k-nearest neighbors. Using a ma-

jority-voting rule, it assigns labels to query points by transferring them from the nearest neighbors. 

This approach leverages the proximity of data points in the feature space to make predictions. 65 

Determining the optimal number of nearest neighbors to use in the kNN algorithm is challeng-

ing, as selecting values that are too high or too low can result in undesirable false-positive or false-

negative rates. To address this, the similarity ensemble approach (SEA) was introduced that com-

pares chemical similarity values to a randomized background score, like the approach used in a 

BLAST sequence similarity search, proving to be a more principled approach for choosing the appro-

priate number of neighbors in kNN analysis. 66  

A study used a kNN model to develop a 3D QSAR model for 30 compounds with anti-HIV 

activity. This kNN model classified the compounds according to the majority of their nearest neigh-

bors in the training set. The method identified the key structural features that contribute to the anti-

HIV activity of the compounds. 67 Another study used the kNN-Molecular Field Analysis method to 

develop QSAR models for a set of 50 compounds with anti-HIV activity, unveiling the significant role 

played by electrostatic and steric interactions in determining the anti-HIV activity of the compounds. 
68 In a study, consensus kNN QSAR, a versatile method for predicting the estrogenic activity of or-

ganic compounds in silico, was employed using a diverse set of compounds and was a feasible 

method for rapid screening of the estrogenic activity of organic compounds. 69 A deep neural net-

work in conjunction with the kNN method to develop QSAR models for a set of 1,000 compounds 

with anti-cancer activity was also reported to be useful. The study found that the kNN method could 

identify the key structural features that contribute to the anti-cancer activity of the compounds. 70 

Naïve Bayes 

Naive Bayes is a probabilistic classifier commonly assuming that features are independent, sim-

plifying the modeling process. It is the probability of correct label assignment by considering the 

prior probability distribution of labels in the training set. It assumes conditional independence be-

tween multiple labels and calculates probabilities for each label individually. The PASS program, a 

notable example, utilizes this approach for predicting drug activities.71  

A study compared the ability of Pipeline Pilot Naïve Bayes (PLPNB) and random forest to make 

accurate predictions on 18 large, diverse in-house QSAR datasets. The study found that PLPNB was 

computationally efficient and able to make accurate predictions on binary and multicategory activi-

ties. They have shown efficacy in large-scale virtual screening for significant pharmacological prop-

erties, including cytochrome P450 inhibition, human plasma protein binding, and animal model bio-

availability. 72 73 Another study demonstrated that the Naïve Bayes model gives minimal mean error 

over uniform dispersion of the data points in QSAR modeling. This study used QSAR as an illustra-

tion to show the optimality of the Naïve Bayes model. 74 In a comparative study to choose the best 

learning algorithm and optimal feature selection, Naïve Bayes was shown to be one of the best-per-

forming algorithms for small datasets.75 

Support Vector Machine 

Support Vector Machines (SVM) are widely used in QSAR due to their ability to handle high-

dimensional data and nonlinear relationships. They construct a hyperplane that maximally separates 

different classes in the feature space. SVMs have demonstrated excellent performance in various 

QSAR applications, such as predicting compound activities, toxicity, and bioavailability. Their ver-

satility and robustness make them valuable tools in QSAR modeling. A study analyzed the applica-

tion of machine learning algorithms in QSAR modeling and introduced a framework called 'ML-

QSAR.' The framework was designed to facilitate the selection of proper strategies among existing 

algorithms according to the application area requirements and to help develop and improve current 
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methods and found that SVM was one of the most commonly used machine learning algorithms in 

QSAR modeling. 76 

A study developed multiple QSAR methods using several ML algorithms, including SVM, to 

predict the activity of active substances against Pseudomonas aeruginosa. The study found that SVM 

could better predict the compounds' activity among other models accurately. 77 Another study in-

vestigated SVM's performance and predictive capability in QSAR modeling of HEPT derivatives. 

This study compared SVM with other methods, such as artificial neural networks, and found that 

SVM achieved good predictive performance. 78 SVM was also used to model phenethylamines' struc-

ture-activity relationships (SAR). The study aimed to classify antagonists and agonists and predict 

their activities and found that SVM was a robust tool in the SAR/QSAR field. 79  

Another study assessed the performance of 16 machine learning algorithms, including SVM, on 

14 QSAR datasets and concluded that different ML algorithms provided different QSAR modeling 

methods to reveal the relationships between structures and properties of compounds. 80 When used 

for large-scale ligand-based predictive modeling, SVM predicts the properties of new, unknown com-

pounds and can achieve good predictive performance for large-scale QSAR modeling. 81 SVMs have 

also been applied in a QSAR investigation involving ethyl 2-[(3-methyl-2,5-dioxo(3-pyrrolidinyl)) 

amino]-4-(trifluoromethyl) pyrimidine-5-carboxylate derivatives, targeting the transcription factors 

activator protein (AP)-1 and nuclear factor (NF)-kB. 82 To identify the structural features responsible 

for a strong vascular endothelial growth factor (VEGF)-2 inhibition activity in aminopyrimidine-5-

carbaldehyde oxime derivatives, a genetic variable selection approach was combined with SVMs. 

This integrated approach successfully identified several critical structural features associated with 

the desired biological activity, proving SVM helpful in QSAR modeling. 83 

Convolutional Neural Networks, Recurrent Neural Networks, Deep Neural Networks, and Ensemble 

methods 

By leveraging the power of neural networks with multiple hidden layers, deep learning models 

can effectively learn complex relationships between molecular structures and their related biological 

activities. In QSAR, deep learning models, such as Convolutional Neural Networks (CNNs), Recur-

rent Neural Networks (RNNs), and Deep Neural Networks (DNNs), have been utilized to analyze 

and predict various properties of molecules, including binding affinity, activity, toxicity, and bioa-

vailability. These models and their Ensemble methods have been applied in QSAR studies to enhance 

models' accuracy and predictive power.  

CNNs have successfully captured molecular features and patterns from 2D chemical structures 

and search spaces. RNNs have been utilized to model sequential data, such as molecular fingerprints 

and SMILES strings. DNNs have effectively learned complex relationships between 3D and 4D mo-

lecular descriptors and their respective bioactivity data. Ensemble methods combining CNN, RNN, 

and DNN, have been employed to improve prediction performance. These advanced neural network 

architectures and ensemble techniques have been widely applied to all branches of chemoinformat-

ics, including modeling QSAR/QSPR properties of small molecules and performing pharmacokinetic 

and pharmacodynamic analysis. Specifically, the unique ability of CNN to analyze images enabled 

the viewing of protein structures as ‘3D images’ with four different atom-type channels. These 3D-

CNNs were used to analyze amino acid microenvironment similarities and to predict the effects of 

mutations on the structure of proteins. 84 A study proposed a Transformer-CNN architecture for 

QSAR modeling and interpretation. The architecture replaced all recurrent units with convolutional 

and element-wise feed-forward layers and found that the Transformer-CNN architecture provided 

good results for small datasets and required less than a hundred iterations to converge for QSAR 

tasks.85 

Long Short-Term Memory (LSTM) networks, Recurrent Neural Networks (RNNs), are designed 

to capture both short-term and long-term dependencies in sequential data. In the context of QSAR, 

LSTM networks have been employed for tasks such as de novo drug design, where they learn the 

structural patterns and rules from SMILES strings to generate novel molecules. Other advanced tech-

niques such as Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs), and 
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deep reinforcement learning have been utilized to learn latent representations of molecules and fa-

cilitate the generation of compounds with specific molecular properties. These approaches contribute 

to the exploration of new chemical space and the discovery of potential drug candidates. 86 87 88 89 90 
91 A study that proposed an ensembled RNN-CNN architecture, DeepCpG, for DNA methylation 

analysis concluded that combining RNN and CNN improved the performance of the QSAR model. 
92 A novel DL-based technique called DeepSnap was developed to conduct QSAR analysis using 

three-dimensional images of chemical structures. This technique can also predict the potential tox-

icity of many chemicals to various receptors without extracting descriptors. 93 CNN, RNN, and Deep 

learning-based methods have also shown promising results in QSAR modeling. 

Validation of ML-QSAR Models 

ML-QSAR models are typically assessed using established metrics like sensitivity, specificity, 

precision, and recall. In cases where the dataset is unbalanced, the area under the curve (AUC) ob-

tained from receiver-operating-characteristic (ROC) curves can be employed. QSAR models can also 

be evaluated by various methods, such as external validation, conformal prediction methods, and 

evaluation of QSAR equations for virtual screening. External validation is the main point to check the 

reliability of developed models for the prediction activity of not yet synthesized compounds. QSAR 

models can inform on the correlation between activities and structure-based molecular descriptors, 

essential for understanding the factors that govern molecular properties and designing new com-

pounds with favorable properties.94 95 96 

While 3D-QSAR methods, such as CoMFA, incorporate structural conformation, they require 

significant computational resources and can introduce uncertainties stemming from conformation 

prediction, ligand orientation, and structural alignment. As a result, 2D-QSAR models can offer a 

competitive alternative and, in certain instances, even outperform 3D-QSAR approaches.97 The goal 

of QSAR analysis is the development of validated models for accurate and precise prediction of the 

biological activities of compounds. Metrics such as R2 and QCV2 are typically optimized in deriving 

QSAR models. Similar metrics, calculated on an external data set, are used to evaluate the perfor-

mances of the final models.98 

A comparative study on 5-nitrofuran-2-yl derivatives as inhibitors of Mycobacterium tubercu-

losis H37Rv, used statistical parameters, including squared correlation coefficient, cross-validated 

correlation coefficient, and Fischer's value for statistical importance, to assess the quality of the gen-

erated QSAR models. Another study compared various statistical parameters of external validation 

of 44 reported QSAR models for biologically active compounds reported in scientific papers. They 

concluded that employing the coefficient of determination (R2) alone could not indicate the validity 

of a QSAR model. These established criteria for external validation have advantages and disad-

vantages that should be considered in QSAR studies. 99 

Interpretability and Explainability of ML-QSAR Models 

The ultimate goal of QSAR analysis is the development of validated models for accurate and 

precise prediction of the biological activities of compounds. The interpretability and explainability of 

ML-QSAR models promote transparency, reproducibility, and trust in the model's predictions, al-

lowing researchers and stakeholders to make informed decisions regarding drug discovery and de-

velopment. A study created six synthetic datasets of three complexity levels for benchmarking QSAR 

model interpretation methods. Using these datasets, the study investigated an extensive set of the 

descriptor and algorithm combinations and the universal interpretation approach, Structure-Prop-

erty Correlation Index (SPCI). The study established that interpretation performance might decrease 

faster than predictivity, and in some cases, models with acceptable predictivity may have poor inter-

pretation performance. 100 

Various techniques can enhance the explainability and interpretability of ML-QSAR models. 

Feature importance analysis can identify the most influential molecular descriptors or features con-

tributing to the model's predictions. Visualization methods, such as heat maps or feature importance 

plots, can aid in understanding the relationships between features and the predicted outcomes. 
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Additionally, model-agnostic techniques like LIME (Local Interpretable Model-Agnostic Explana-

tions)101 or SHAP (Shapley Additive Explanations)102 can provide insights into individual predic-

tions by highlighting the contributions of each feature. A paper describes a new QSAR model visual-

ization approach that simplifies the analysis by introducing a new similarity measure between two 

models. The approach is based on mapping models onto a two-dimensional plane, where the distance 

between two models is proportional to the difference in their predicted activities.103 Another study 

combines direct kernel-based PLS with Canvas 2D fingerprints to arrive at predictive QSAR models 

that can be projected onto the atoms of a molecule. The study provides a visualization of the model 

that can be used to identify the most critical atoms for predicting activity. 104 

Conclusions 

Applying machine learning techniques in chemoinformatics has contributed significantly to dis-

covering and designing highly effective drugs. This paper highlights the significant role of chemoin-

formatics and ML-based QSAR in drug discovery and development. Integrating computational ap-

proaches with large-scale data analysis has revolutionized the field, enabled the efficient exploration 

of chemical space and predicting biological activities. Multiple algorithms built for QSAR modeling 

play a significant role in highlighting features necessary for further designing small molecules. They 

have demonstrated their effectiveness in predicting molecular properties and activities, aiding in 

compound prioritization and optimization. 

The future of chemoinformatics and QSAR modeling holds promising opportunities for further 

advancements. Integrating QSAR models with molecular docking techniques can enhance the accu-

racy of binding affinity predictions and provide valuable insights into the interaction between ligands 

and target proteins. Fragment-based design approaches can benefit from QSAR models by guiding 

the selection and optimization of fragments to develop novel drug candidates. Additionally, integrat-

ing QSAR models with de novo drug generation methods, such as deep learning and generative 

modeling, opens up possibilities for computer-assisted design and discovering new molecules with 

desired properties. 

This convergence of QSAR models with molecular docking, fragment-based design, and de novo 

drug generation methods holds great potential in accelerating the drug discovery process, reducing 

costs, and increasing the success rates of identifying novel therapeutic agents. Continued research 

and development in this area will undoubtedly pave the way for more efficient and precise drug 

design strategies, ultimately benefiting patients and advancing the field of pharmaceutical sciences. 
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