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Abstract: Lead optimization in drug discovery is a crucial phase where initial hits are refined into compounds 

with improved pharmacological properties. While traditional methods rely on manual experimentation and 

modifications, AI-driven techniques have revolutionized this process by leveraging big data and predictive 

modeling. This review explores how AI-driven approaches accelerate lead optimization, showcasing examples 

like deep neural networks and reinforcement learning. Integration of multi-omic data and experimental 

validation further enhances AI-driven strategies. The future lies in refining these AI methods, democratizing 

tools, and interdisciplinary collaboration to streamline drug discovery and address medical needs efficiently. 
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1. Introduction 

Recent advancements in AI have significantly accelerated the drug compound identification and 

testing process, leading to a shorter time to market [1, 2];  both highlight the use of AI in drug 

identification and lead optimization, resulting in a substantial reduction in the clinical trial process 

from 10-12 years to 3-4 months [3, 4], at times, highlighting the predictive capacity of AI in identifying 

potential drug candidates and optimizing lead compounds, respectively. These advancements lead 

to the use of AI in high throughput screening and the potential for rapid development of safe and 

effective therapies [5, 6]. A practical example of AI's role in drug discovery is the demonstration of 

the successful and rapid discovery of drug candidates using a DM-AI drug discovery platform [7]. 

Lead compounds are initial chemical entities identified during drug discovery that exhibit 

promising biological activity against a specific target or disease pathway. These compounds are the 

starting points for further optimization to enhance their potency, selectivity, and pharmacokinetic 

properties. Lead optimization stands at the critical juncture of drug discovery, where initial hits with 

promising biological activity are meticulously refined into optimized lead compounds [8, 9]. This 

pivotal phase marks the transition from early-stage research to the development of potential 

therapeutic agents, requiring a delicate balance between enhancing potency and selectivity while 

addressing concerns regarding toxicity and pharmacokinetics. At its core, lead optimization 

encompasses a multifaceted approach, addressing chemical, pharmaceutical, and pharmacological 

aspects to ensure the development of safe and effective drug candidates. With the escalating demands 

for novel medicines to address unmet medical needs, the efficiency and effectiveness of lead 

optimization have become paramount in accelerating the translation of scientific discoveries into 

clinically viable treatments [10-12]. 

Chemically, optimization involves fine-tuning the molecular structure of lead compounds to 

enhance their properties, aiming for optimal interaction with the target biomolecule while 

minimizing off-target effects. In contrast, on the pharmaceutical front, considerations extend to 

factors such as solubility, stability, and bioavailability, which are crucial for formulation and delivery 

[9, 13-16]. Furthermore, lead optimization intersects with pharmacological principles, requiring a 
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comprehensive understanding of the target's biological pathways and potential therapeutic 

implications. While traditional medicinal chemistry methods have historically dominated lead 

optimization, there's a rising interest in leveraging artificial intelligence (AI) and machine learning 

(ML) techniques, notably deep neural networks (DNNs), to expedite this process. Such methods 

harness the vast datasets generated from high-throughput screening, structural biology, and 

medicinal chemistry to navigate the complex landscape of chemical space and predictively guide 

molecular modifications with unprecedented accuracy and efficiency. AI-enabled approaches 

promise to overcome traditional barriers to lead optimization, such as the time-consuming nature of 

iterative experimentation and the limitations of empirical trial-and-error methods.[13, 17-21] These 

advanced computational techniques have aided in refining compounds by accurately predicting 

optimal binding poses, estimating binding free energies, and fine-tuning molecular mechanics force 

fields. This integration of AI not only enhances the efficiency of lead optimization but also reduces 

the computational burden associated with resource-intensive simulations, ultimately streamlining 

the journey from lead identification to the development of potent therapeutic candidates [22]. By 

leveraging advanced algorithms and predictive models, researchers can now rapidly explore and 

prioritize lead candidates with the highest likelihood of success, reducing the time and resources 

required for preclinical development. Nonetheless, significant challenges persist, including the 

requirement for high-quality data, accurate ADMET prediction, and prevention of model overfitting. 

This review explores the significance of lead optimization across chemical and pharmaceutical 

dimensions while delving into AI methods' role in advancing this critical stage of drug development 

[16, 23]. 

2. Traditional Methods vs AI-driven Lead Optimization: 

Figure 1 shows a comparative perspective of the AI-driven lead compound discovery and the 

discovery process pre-AI era. 

 

Figure 1. Classic human-led drug design (bottom) is an iterative process of proposing new 

compounds and testing them in vitro. As this process requires synthesis in the lab, it is very costly 

and time-consuming. By using computational modeling (top), molecule design can be rapidly 

performed in silico, with only the most promising molecules promoted to be made in the lab and then 

eventually tested in vivo. AI-driven drug discovery process, from target identification to selecting 

drug candidates [https://www.microsoft.com/en-us/research/blog/moler-creating-a-path-to-more-

efficient-drug-design/]. 

Traditional lead optimization methods typically rely on empirical approaches, where medicinal 

chemists iteratively design and synthesize analogs of lead compounds based on intuition, prior 
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knowledge, and experimental data. These methods involved extensive laboratory experimentation, 

including synthesis, biochemical assays, and pharmacological testing, to evaluate candidate 

compounds' potency, selectivity, and pharmacokinetic properties. From the discovery of aspirin's 

analgesic and anti-inflammatory properties over a century ago to the development of statins like 

Lipitor for managing cholesterol levels, these medications have stood the test of time and remain 

indispensable in modern healthcare [24-26]. While traditional methods have successfully produced 

many clinically valuable drugs, they are often time-consuming, resource-intensive, and limited by 

the capacity to explore vast chemical space comprehensively. Researchers have enhanced these 

drugs' efficacy, safety, and pharmacokinetic profiles through iterative chemical modifications and 

empirical testing, demonstrating the enduring value of traditional lead optimization approaches in 

pharmaceutical innovation [27-30]. 

In contrast, AI-driven approaches in lead optimization leverage computational techniques and 

ML algorithms to augment and accelerate the drug discovery process. These methods harness the 

power of big data and predictive modeling to analyze large datasets of chemical structures, biological 

activities, and experimental results. By learning patterns and relationships from these data, AI 

algorithms can predictively guide lead optimization efforts, prioritize promising candidates, and 

even propose novel chemical scaffolds with enhanced properties [31].  

One significant advantage of AI-driven approaches is their ability to explore chemical space 

more comprehensively and efficiently than traditional methods. Through virtual screening, 

molecular docking, and quantitative structure-activity relationship (QSAR) modeling, AI algorithms 

can rapidly evaluate millions of compounds, thereby accelerating the identification of lead candidates 

with desirable properties. Additionally, AI helps optimize lead compounds by predicting their 

binding affinity, ADMET (absorption, distribution, metabolism, excretion, and toxicity) properties, 

and relevant pharmacological parameters, reducing the need for extensive experimental validation. 

Moreover, AI-driven approaches offer the potential for automation and scalability, allowing 

researchers to expedite lead optimization campaigns and explore larger chemical libraries with 

minimal manual intervention. By integrating AI into the drug discovery workflow, organizations 

streamline decision-making, reduce costs, and increase the likelihood of identifying successful drug 

candidates[32-36].  

In recent research endeavors, the BIOVIA Generative Therapeutics Design (GTD) application 

has emerged as a powerful tool for addressing lead finding and optimization challenges. This 

platform harnesses 3D structural models of ligand-protein interactions, incorporating 

pharmacophoric representations of desired features. For instance, in a study involving the discovery 

of SYK inhibitors entospletinib and lanraplenib, GTD effectively tackled common issues in lead 

optimization. By retrospectively re-identifying drug candidate molecules based on data from 

intermediate project stages and applying chemical space constraints, researchers demonstrated 

GTD's capability to refine lead compounds. Moreover, the GTD platform was configured to generate 

molecules incorporating features from multiple unrelated molecule series, showcasing its application 

of AI/ML to drug discovery and lead optimization [37-39].  

Similarly, the Query-based Molecule Optimization (QMO) framework has been proposed as a 

versatile solution for improving the properties of input molecules based on efficient queries guided 

by molecular property predictions and evaluation metrics. Outperforming existing methods, QMO 

excelled in optimizing small organic molecules for drug-likeness and solubility under similarity 

constraints. Its effectiveness was further demonstrated in tasks such as optimizing potential SARS-

CoV-2 main protease inhibitors and enhancing antimicrobial peptides, showcasing its potential in 

addressing real-world discovery problems and facilitating material optimization with design 

constraints[40].  

Furthermore, the integration of AlphaFold2 and Chemistry42 has proven instrumental in 

discovering Cyclin-Dependent Kinase 20 (CDK20) inhibitors. Leveraging AlphaFold2's protein 

structure prediction and Chemistry42's generative chemistry capabilities, researchers navigated 

challenges posed by the absence of structural information for the protein and reported tool 

compounds. Through the generative pipeline, numerous molecules were produced, with hit 
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optimization resulting in the discovery of primary hits with improved potency. This synergy between 

AI methods in target identification, protein folding, and generative chemistry showcases a promising 

approach to lead optimization [18, 19, 41-43].  

Lastly, ZairaChem has emerged as an AI- and ML-based tool for modeling quantitative 

structure-activity/property relationships (QSAR/QSPR), streamlining data-driven drug discovery 

processes. Deployed at the H3D Centre for Malaria and Tuberculosis Drug Discovery, ZairaChem 

has facilitated the development of a virtual screening cascade for critical decision-making assays. This 

tool represents a significant advancement in enabling streamlined drug discovery processes, 

informing compound progression, and facilitating lead identification in resource-limited settings. 

Through real-world prospective studies, ZairaChem has demonstrated its efficacy in identifying 

lead-like compounds, showcasing its potential to revolutionize drug discovery efforts [44]. 

3. Key Future Optimization Strategies:  

Key strategies are pivotal for maximizing the effectiveness and efficiency of lead optimization 

endeavors. Data integration and harmonization are foundational, ensuring that diverse datasets from 

experimental assays, chemical databases, and literature are combined cohesively. Feature 

engineering and representation learning play critical roles in capturing compound properties and 

biological activities, with techniques like graph-based representations and molecular embeddings 

extracting meaningful features automatically. Model selection is paramount, with various 

architectures like Deep neural networks (DNN) and ensemble methods offering unique advantages. 

Active learning and experimental design strategies iteratively select informative compounds for 

testing, accelerating the exploration of chemical space. Interpretability and explainability are vital for 

understanding model predictions and fostering collaborative methods. Transfer learning and domain 

adaptation techniques enhance model generalization, while integration with experimental validation 

ensures real-world applicability. In addition to the foundational strategies mentioned, several 

advanced techniques optimize lead optimization using AI. One such strategy uses Bayesian 

optimization, which efficiently selects compounds based on predictive models' uncertainty estimates 

for experimental testing. Bayesian optimization iteratively explores the chemical space by balancing 

the exploitation of known regions with the exploration of uncertain areas, thereby maximizing the 

discovery of promising lead candidates [45-47]. 

Moreover, reinforcement learning algorithms can guide compound design by learning from past 

actions and rewards, enabling AI systems to generate compounds with desired properties through 

trial and error iteratively. Adopting cloud-based AI platforms and high-performance computing 

infrastructures enables scalable and parallelized lead optimization workflows, facilitating rapid 

model training, validation, and deployment. Furthermore, implementing robust model validation 

and uncertainty quantification techniques, such as bootstrap resampling and Monte Carlo dropout, 

enhances the reliability and robustness of AI predictions, ensuring their applicability in real-world 

drug discovery scenarios [48-51]. Researchers can leverage AI to expedite lead optimization by 

employing these optimization strategies, facilitating the discovery of novel therapeutics with 

enhanced efficacy and safety profiles. 

In modern drug discovery, in silico-driven optimization of compound properties related to 

pharmacokinetics, pharmacodynamics, and safety is paramount. DNN frameworks have also 

emerged as predictive models, with various model architectures differing in their applicability and 

performance in lead optimization projects. One study compares three established DNN-based 

methods - multilayer perceptron (MLP), graph convolutional network (GCN), and Mol2Vec - for 

predicting key ADME property trends and biological activity. From a statistical perspective, MLP 

and GCN outperformed Mol2Vec, with GCN-based predictions demonstrating superior stability 

over time. Additionally, DNNs prove valuable in guiding local structure-activity relationships (SAR), 

illustrating their significance in pharmaceutical research projects [27, 52-56].  

Furthermore, new methods for automated compound design against profiles of multiple 

properties are of great value in lead optimization. A fragment-based reinforcement learning 

approach, which utilizes bidirectional long short-term memory (LSTM) networks, has been 
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developed to generate novel molecules with optimal properties. This AI method learns to generate 

compounds with desired properties by improving upon initial lead molecules through fragment 

replacement. As demonstrated in a case study, this approach yields chemically valid molecules 

satisfying targeted objectives, showcasing its potential in lead optimization efforts as well [57]. 

Moreover, multi-parameter optimization (MPO) poses a significant challenge in lead optimization. 

Recent advancements in deep learning generative models offer promise for addressing MPO in drug 

discovery projects. In one study, this AI method is applied to accelerate the obtention of lead 

compounds, meeting multiple biological activity objectives simultaneously. Using a ligand-based de 

novo design technology with deep learning generative models, QSAR models were built for 11 

objectives, generating virtual compounds predicted as active on all objectives. Synthesized and 

tested, these AI-designed compounds significantly outperformed initial molecules, demonstrating 

the efficacy of AI algorithms in optimizing compounds for multiple parameters relevant to lead 

optimization [58-60].  

In the realm of lead optimization, these examples showcase the diverse applications of AI-driven 

approaches in guiding compound design, predicting compound properties, and accelerating the 

discovery of lead candidates with enhanced efficacy and safety profiles. From leveraging DNNs for 

predicting key ADME property trends to utilizing reinforcement learning and DL generative models 

for automated compound design and multi-parameter optimization, AI holds immense potential in 

revolutionizing the drug discovery process and facilitating the development of novel therapeutics. 

4. Conclusions 

In conclusion, lead optimization is a critical phase in drug discovery, where initial hits are 

refined into optimized lead compounds with enhanced potency, selectivity, and pharmacokinetic 

properties. Traditional methods have historically relied on empirical approaches involving iterative 

experimentation and manual chemical modifications guided by intuition and prior knowledge. While 

effective, these methods are often time-consuming and resource-intensive, presenting limitations in 

exploring vast chemical space comprehensively. However, the advent of AI, ML, and DL techniques 

has revolutionized lead optimization by leveraging big data and predictive modeling to expedite the 

identification and refinement of lead candidates. Through advanced algorithms and predictive 

models, AI facilitates comprehensive exploration of chemical space, guiding molecular modifications 

with unprecedented accuracy and efficiency. Examples such as the BIOVIA GTD application, QMO 

framework, and Chemistry42 integration illustrate the diverse applications and transformative 

potential of AI-driven approaches in lead optimization. By integrating AI into drug discovery 

workflows, researchers can streamline decision-making, reduce costs, and increase the likelihood of 

identifying successful drug candidates, ultimately accelerating the translation of scientific discoveries 

into clinically viable treatments. As the demands for novel medicines continue to escalate, the 

efficiency and effectiveness of AI-driven lead optimization have become paramount in addressing 

unmet medical needs and advancing pharmaceutical innovation. 

The future direction of lead optimization lies in further integration and advancement of AI-

driven approaches with traditional methodologies. Continued refinement of AI algorithms, including 

deep learning models and reinforcement learning techniques, will enhance their predictive 

capabilities and enable more accurate and efficient compound design. Moreover, developing hybrid 

AI models combining data-driven approaches with expert medicinal chemistry and pharmacology 

knowledge will further optimize lead optimization strategies. Additionally, there is a growing 

emphasis on integrating multi-omic data into AI-driven lead optimization workflows. By 

incorporating comprehensive biological datasets, researchers can gain deeper insights into disease 

mechanisms and drug-target interactions, leading to the identification of more effective lead 

compounds. 

Furthermore, democratizing AI tools and platforms will play a crucial role in expanding access 

to advanced computational techniques for lead optimization. Efforts to develop user-friendly 

interfaces and cloud-based solutions will empower researchers across academia and industry to 

leverage AI in their drug discovery efforts, driving innovation and accelerating the development of 
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new therapeutics. In terms of experimental validation, there will be a continued focus on integrating 

AI predictions with high-throughput screening assays and in vitro testing protocols. Researchers can 

more robustly and efficiently validate AI-driven lead optimization strategies by combining 

computational predictions with experimental data, increasing confidence in the identified lead 

candidates. 

Overall, the future of lead optimization will be characterized by a synergistic relationship 

between AI-driven approaches and traditional methodologies fuelled by technological advances, 

data availability, and interdisciplinary collaboration. By harnessing the full potential of AI, 

researchers can expedite the discovery and development of safe and effective drugs to address the 

ever-evolving healthcare challenges of the future. 
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