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Abstract 

Neurodegenerative disorders remain among the most challenging diseases to treat due to their multifactorial 

pathophysiology and limited therapeutic success. The convergence of computational neuropharmacology and 

artificial intelligence (AI) presents an unprecedented opportunity to accelerate neurotherapeutic discovery. 

By combining systems-level models, quantitative pharmacology, and data-driven machine learning, 

researchers can simulate neural dynamics, predict drug–receptor interactions, and identify novel therapeutic 

targets. This review synthesizes current advancements in computational modeling, AI-based drug design, and 

systems neuropharmacology relevant to neurodegenerative disease research. It also discusses high-

throughput neural mapping, network pharmacology, and predictive modeling as transformative tools for the 

development of next-generation neuropharmacological interventions. Finally, it outlines current limitations, 

ethical considerations, and emerging opportunities that define the future of AI-integrated computational 

neuropharmacology. 
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1. Introduction 

Neurodegenerative disorders such as Alzheimer’s disease (AD), Parkinson’s disease (PD), amyotrophic 

lateral sclerosis (ALS), and Huntington’s disease (HD) are characterized by progressive neuronal loss, 

impaired synaptic signaling, and cognitive or motor decline. Despite significant investment in 

pharmaceutical research, the rate of successful therapeutic development in the central nervous system (CNS) 

remains alarmingly low, with fewer than 10% of candidate compounds achieving clinical approval [14]. 

Traditional neuropharmacology focuses on receptor-specific interventions, yet the complexity of brain 

circuitry and heterogeneity of neurodegenerative pathology demand a systems-level approach. 

Computational neuropharmacology, initially proposed by Aradi [12], integrates mathematical neuroscience 

with pharmacological modeling. The discipline treats neurological disorders as “dynamical diseases,” 

characterized by pathological alterations in neural oscillations, connectivity, and molecular feedback loops. 

In parallel, AI and machine learning (ML) have transformed data analysis and drug discovery pipelines, 
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enabling prediction of ligand-receptor affinity, virtual screening, and polypharmacological network 

optimization [13]. 

This review aims to bridge these evolving domains—computational neuropharmacology and AI-driven 

modeling—highlighting their synergistic potential in neurodegenerative disease therapeutics. 

 

2. Computational Neuropharmacology: Historical Perspective and Framework 

2.1 Foundations and Evolution 

Computational neuropharmacology emerged from the recognition that pharmacological interventions act on 

inherently dynamic and interconnected neural systems [12]. described the brain as a chemical–electrical 

dynamical system where neuronal excitability and molecular signaling evolve continuously in time. Their 

vision proposed integrating receptor kinetics, network-level simulations, and biophysical modeling to 

identify therapeutic targets beyond the static molecular perspective. 

Early computational neuroscience relied on mathematical models such as the Hodgkin–Huxley framework 

to simulate membrane potentials and ionic conductances. These were later expanded to simulate networks, 

synaptic plasticity, and pathological oscillations, forming the theoretical foundation for computational 

neuropharmacology. Integrating pharmacological parameters into such models allows researchers to test the 

impact of drug candidates on neural activity patterns before experimental validation. 

2.2 Applications in Drug Discovery 

Computational neuropharmacology enables in silico exploration of drug action by modeling ligand–receptor 

binding kinetics and integrating them into neuronal network simulations. This framework is particularly 

valuable for disorders characterized by aberrant excitability, such as epilepsy and Parkinson’s disease. For 

instance, kinetic modeling of γ-aminobutyric acid (GABA) receptor modulators has elucidated mechanisms 

of network synchronization and anxiolytic efficacy [12]. 

Unlike traditional cheminformatics approaches, computational neuropharmacology emphasizes system-level 

emergent behavior—how multiple receptor interactions translate into observable neural phenomena. This 

systems-level simulation complements pharmacokinetic/pharmacodynamic (PK/PD) studies by revealing 

nonlinear drug effects that may not be captured in isolated assays. 

2.3 Conceptual Integration 

The discipline stands at the intersection of computational neuroscience, pharmacology, and systems biology. 

It provides tools to connect receptor-level interactions with macroscopic brain function, advancing 

mechanistic understanding and aiding rational therapeutic design. The integration of AI into this framework 

adds the capacity to manage multidimensional datasets and uncover hidden relationships among molecular, 

cellular, and behavioral levels. 

 

3. Artificial Intelligence in Neuropharmacological Drug Discovery 

3.1 AI and ML as Transformative Tools 

AI technologies are rapidly reshaping neuropharmacology. Machine learning models, particularly deep 

learning architectures, are capable of identifying latent patterns in high-dimensional datasets derived from 

genomics, proteomics, and imaging [13]. These methods can predict drug–target interactions (DTIs), 

optimize chemical structures, and evaluate blood–brain barrier (BBB) permeability—critical challenges in 

CNS drug development. 

Support vector machines, convolutional neural networks (CNNs), recurrent neural networks (RNNs), and 

graph neural networks (GNNs) have all demonstrated value in molecular property prediction, compound 

clustering, and toxicity estimation. Reinforcement learning, a subset of AI that optimizes decision sequences 
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through feedback, has been applied to de novo drug design—allowing algorithms to iteratively generate 

candidate molecules with desired pharmacodynamic properties. 

3.2 Applications in CNS Drug Discovery 

The CNS represents a particularly challenging therapeutic area due to the BBB, multidimensional disease 

etiologies, and the scarcity of reliable biomarkers [13]. summarized that AI facilitates multiple phases of 

CNS drug discovery, including: 

 Target identification and validation using integrative omics datasets; 

 Lead optimization via quantitative structure–activity relationship (QSAR) modeling; 

 Drug response prediction using patient-derived transcriptomic signatures; 

 Drug repurposing based on phenotypic similarity and network topology. 

 

 

 

Fig 1: Overview of Computational Neuropharmacology – Integration of neural modeling, receptor kinetics, 

and AI analytics. 
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Recent editorials [16,18] highlighted the growing success of AI in identifying multi-target interactions and 

predicting clinical efficacy, shifting the paradigm from “one-drug-one-target” to “multi-target 

polypharmacology.” 

3.3 Case Examples 

AI-driven high-throughput screening systems now enable large-scale virtual testing of neuroactive 

compounds [15]. Developed a platform combining brain activity mapping (BAM) in zebrafish larvae with 

ML-based classification, identifying novel antiepileptic compounds. Similarly, AI-driven docking and GNN-

based interaction models have successfully predicted dopaminergic and serotonergic compound activity, 

supporting PD and depression drug discovery. 

3.4 Integration with Systems Neuropharmacology 

AI complements computational modelling by handling the scale and complexity of CNS data. Deep learning 

algorithms can parameterize complex models, infer missing biological variables, and suggest optimal 

intervention points. These capabilities transform AI from a pattern-recognition tool into a mechanistic 

inference engine, capable of guiding hypothesis-driven neuropharmacological research. 

4. Quantitative Systems Pharmacology and Network Modelling 

4.1 Concept and Relevance 

Quantitative Systems Pharmacology (QSP) merges systems biology with PK/PD modelling to provide 

mechanistic insight into drug behaviour across scales [14]. QSP is a translational discipline integrating 

computational and experimental approaches to understand and predict pharmacological responses. In 

neuroscience, QSP aims to bridge molecular pharmacology with network-level brain activity. 

Traditional CNS drug discovery often fails because isolated molecular targets cannot recapitulate network 

complexity. QSP addresses this by modelling interactions among pathways, neurotransmitter systems, and 

pharmacokinetics, enabling prediction of emergent outcomes such as synaptic adaptation or compensatory 

responses. 

4.2 QSP in Neurodegenerative Disease Modelling 

Neurodegenerative diseases involve systemic dysregulation across signalling cascades-e.g., amyloid and tau 

pathology in Alzheimer’s or α-synuclein aggregation in Parkinson’s. QSP frameworks integrate multi-omics 

data to model these cross-talks. This approach allows simulation of how multi-target drugs or combination 

therapies might restore system homeostasis. 

NIH workshops in collaboration with NINDS and NIA emphasized QSP’s potential to accelerate CNS drug 

development through the incorporation of human-derived model systems and predictive analytics [14]. 

Network-based QSP models are particularly suited to predicting off-target effects, drug synergy, and 

translational efficacy across preclinical to clinical phases. 

4.3 Bridging Scales: From Molecules to Behavior 

In CNS pharmacology, understanding how receptor modulation scales up to changes in neuronal circuit 

function is vital. Computational QSP models simulate interactions from molecular binding through cellular 

signaling to network oscillations. Such models can explain why selective receptor modulators sometimes fail 

clinically—because therapeutic effects depend on system-level dynamics rather than isolated binding events. 

 

5. High-Throughput Mapping and Predictive Neuropharmacology 

5.1 Brain Activity Mapping as a Screening Tool 

Recent advances in microscopy and imaging technologies have enabled high-throughput mapping of brain 

activity at cellular resolution [15]. Pioneered a system combining autonomous zebrafish imaging with AI to 

generate brain activity maps (BAMs). These BAMs function as high-dimensional “functional fingerprints,” 
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capturing the effect of drugs on whole-brain activity patterns. Machine learning algorithms cluster 

compounds based on similarity in neural signatures, revealing therapeutic relationships even among 

structurally diverse molecules. 

5.2 Translational Impact 

This approach provides a bridge between computational predictions and empirical validation. Unlike 

traditional assays focusing on isolated biomarkers, BAM-based screening incorporates holistic physiological 

outcomes. The methodology is particularly relevant for identifying network-modulating drugs in epilepsy, 

schizophrenia, and neurodegenerative diseases, where distributed network dysfunction is a hallmark. 

5.3 Toward Predictive Phenotyping 

By coupling brain mapping with AI, predictive phenotyping becomes feasible. Compounds can be classified 

based on emergent functional states rather than chemical composition. Integrating this data into 

computational neuropharmacological models allows simulation of therapeutic efficacy before preclinical 

trials, saving time and cost. 

 

 

Figure 3: Systems Pharmacology Network – Multiscale interaction of molecular, cellular, and behavioural 

levels in neurodegenerative treatment. 

 

6. Computational Modelling of Drug Response and Neurogenomics Integration 

6.1 The Role of Computational Modelling 

Computational modelling of drug response enables integration of genomic, transcriptomic, and proteomic 

information to predict individualized therapy outcomes [17]. Such models utilize network topology, kinetic 

equations, and pathway dynamics to simulate how perturbations—such as drug administration propagate 

through cellular systems. 
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In neurodegenerative research, these methods can predict how genetic variations modulate drug sensitivity. 

For example, integrating genomic risk factors like APOE or LRRK2 polymorphisms into pharmacodynamic 

models may help stratify patient populations for targeted interventions. 

6.2 Neurogenomics and Systems Integration 

The advent of single-cell and spatial transcriptomics allows unprecedented mapping of neural cell-type-

specific drug targets. Combining this data with AI-driven modelling enhances the precision of therapeutic 

design. Neurogenomics provides the raw data; computational neuropharmacology provides the dynamic 

framework to test hypotheses; AI supplies the optimization layer. 

 

7. Challenges, Ethical Aspects, and Future Prospects 

7.1 Current Limitations 

Despite rapid progress, several challenges persist: 

 Data heterogeneity: Integrating omics, imaging, and clinical data remains technically and 

conceptually difficult. 

 Interpretability: Deep learning models often operate as “black boxes,” complicating mechanistic 

validation. 

 Limited translational accuracy: In silico predictions require rigorous cross-validation with human 

data. 

 Computational demands: QSP and multi-scale neural models are computationally intensive, 

requiring high-performance infrastructure. 

7.2 Ethical and Regulatory Considerations 

As AI-guided models influence therapeutic design, transparency and reproducibility become ethical 

imperatives. Data privacy, algorithmic bias, and overreliance on synthetic predictions pose regulatory 

challenges. The U.S. FDA has begun addressing AI/ML models in healthcare, emphasizing adaptive learning 

systems that maintain traceability [13]. 

7.3 Future Directions 

Future research will likely focus on: 

 Hybrid AI-QSP frameworks that integrate mechanistic and data-driven modelling. 

 Reinforcement learning-based clinical trial optimization. 

 Cross-scale “digital twin” models of the human brain for personalized pharmacology. 

 Expanded use of open-access databases for model transparency and validation. 

Ultimately, the goal is to establish a computationally guided precision neuropharmacology, where AI not 

only accelerates discovery but also enhances the reliability and personalization of CNS therapeutics. 

 

8. Conclusion 

The convergence of AI and computational neuropharmacology heralds a transformative era for 

neurodegenerative disease research. By modeling the brain as a dynamic, multiscale system, integrating 

machine learning and quantitative systems pharmacology, researchers can design more effective, targeted, 

and personalized treatments. The field continues to evolve toward predictive, integrative, and ethically robust 

frameworks capable of bridging molecular insights with patient outcomes. 
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AI in computational neuropharmacology is not merely an auxiliary tool it represents a paradigm shift in how 

we understand and treat neurodegenerative disorders. 
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