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ABSTRACT

Developing safe and effective therapies for neurological disorders such as 
Alzheimer’s,� Parkinson’s,� and� Epilepsy,� is� essential� given� that� these� can� affect�
millions�of�people�across�the�globe�that�result�in�signi�cant�challenge�to�healthcare�
system. Unfortunately, the development of neurological does drugs face a lack 
of abandonment owing to severe toxicity risks which include neurotoxicity, 
hepatotoxicity, and cardiotoxicity, drugs fail in the later stages of clinical trials 
due to unpredictable side effects, metabolic instability, poor bioavailability. Many 
drugs which are neurotoxic have a high risk of toxicity and predictive harmful 
effects. Prior to the commencement of clinical trials, predictive toxicology plays 
a crucial role in identifying potential adverse effects before clinical trials by the 
combination of computational technologies and experimental designs. The in vitro 
and in vivo systems from traditional approaches are now being supplemented 
with quantum mechanics (QM) and rational drug design (RDD), which have 
markedly advanced toxicity prediction. Identifying reactive metabolites and 
toxicity�pathways�is�aided�by�QM’s�atomic-level�analysis�of�molecular�interactions.�
To maximize effectiveness and reduce side effects, RDD uses a drug design that 
combines structures and functions. This article reviews the QM and RD approach 
to predictive toxicology with a focus on the need for stronger integration of both 
technologies to increase the safety of neurological drugs. Improvements in drug 
prediction in toxicology may be provided by the further development of AI 
modeling and quantum mechanical simulations in the future. 
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INTRODUCTION

Disorders� like� Parkinson’s,� epilepsy� and�
multiple� sclerosis� are� major� health� and�
economic burdens. The process of drug 
development is impeded by high attrition rates 
from� promise� of� ef�cacy� to� the� latter� stages�
due to various reasons such as neurotoxicity, 
hepatotoxicity, and cardiotoxicity.1 Traditional 
in vitro and in vivo models are expensive and 
slow, often inaccurate due to the differences 

between species. Predictive toxicology utilizes 
quantum mechanics (QM) and rational drug 
design (RDD) to augment the accuracy of 
toxicity prediction and the safety evaluation 
of drugs.2 While QM predicts the possibility of 
toxic metabolite RDD creates fewer toxic drugs. 
This work addresses the interaction of QM and 
RDD in neuropharmaceuticals and predicts the 
development of safer neuropharmaceuticals 
- clinical trials of drugs for the treatment of 
disorders.3

KEYWORDS
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Key message: Toxicity assessment in neurological drug development is enhanced 
by predictive toxicology, integrating quantum mechanics (QM) and rational drug 
design (RDD), reducing late-stage failures. Strengthening QM-RDD synergy can 
improve drug safety, with future advancements in AI and quantum simulations 
offering further predictive accuracy.

Figure 1: This figure here provides some common toxicity endpoints that are assessed in  
drug discovery and safety evaluation

REVIEW OF LITERATURE 

Introduction to Predictive Toxicology in 
Neurological Disorder Drugs
Predictive toxicology is critical in the process 
of drug discovery and development above 

everything� else� when� it� comes� to� speci�c�
neurological disorders, where the compounds 
safety�and�ef�cacy�is�of�the�highest�importance.�
The drugs for neurological disorders often 
deal with complex cross talks within the 
central� nervous� system� (CNS),� which� makes�
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them vulnerable to any unwanted toxic side 
effects4. Established and routine practices 
of toxicological studies are mainly based 
on in vivo and in vitro models which are 
increasingly proving to be inadequate due to 
ethical issues, high expenses, and absence of 
human reliabilities5. It has been reported that 
approximately 90% of medications that target 
the�CNS�are�unsuccessful�in�clinical�trials,�with�
30–40% of those failures concerning safety and 
the�drug’s�associated�toxicity6. As a result, In 
silico quantum mechanics and rational drug 
design approaches are becoming more popular 
for the purposes of predicting the toxicity of 
the drug within a greater margin of safety 
and decreasing the chances of failure in the 
advanced stages of drug development7.

Quantum Mechanics and Its Role in Toxicity 
Prediction
Quantum mechanics applied in medical 
chemistry helps in the interpretation of the 
molecular activities of certain biological 
compounds, which is very important when 
evaluating the toxicity of some drugs directed 
to the nervous system8. Theories like the 
Density�Functional�Theory�(DFT)�and�Hartree-
Fock� (HF)� and� their� derivatives� take� care� of�
charge distribution in molecules, molecular 
reactivity, and stabilization of the molecule. 
These parameters are important in determining 
the action of the drug on the biological systems, 
for example, binding to neurotransmitter 
receptors or metabolic enzymes9.
In� this� paper,� a� DFT� study� of� 50� active�

neurochemical compounds is reported. It 
was found that 30% of the molecules of the 
compounds studied have high electrophile 
index and are candidates for oxidative stress 
neurotoxic10. Moreover, QM estimates of 
binding energy of some neurological drugs 
have been done and it was found out that 
compounds with binding energy lesser than 
–9.0 kcal/mol tend to be less neurotoxic11.

The most recent research proves that 
approaches employing quantum mechanical 
methods have managed to compute the 
binding�af�nities�of�speci�c�neuro�substances�
to N-methyl-D-aspartate (NMDA) and 
gamma-aminobutyric acid (GABA) receptors. 
By analyzing molecular orbitals and the 
distribution of charges, the methods succeed 
in� selecting� compounds�with� high� speci�city�
and low off-target activity12.

Rational Drug Design for Reducing 
Neurological Drug Toxicity
The implementation of rational design 
lacks experimentation, and it uses powerful 
reasoning to create new compounds with the 
desired therapeutic effects and non-existing 
toxicity.� It’s� a� blend� of� computer-aided�
analysis,�arti�cial�intelligence,�and�SAR�for�lead�
compound� identi�cation� and� modi�cation.�
Rational drug design helps develop and 
optimize medicines for neurology and 
sidestep severe consequences like hepatotoxic, 
cardiotoxic, and neurotoxic effects13.

The integration of machine learning tools 
to estimate toxicity endpoints is one of the 
greatest feats of innovation in drug design. 
AI models able to predict potential toxicity 
examine a plethora of chemical structures 
with their relevant datasets regarding toxicity. 
Some studies that employ AI-based predictive 
models� have� demonstrated� signi�cant�
progress in identifying potentially neurotoxic 
compounds prior to preclinical testing, 
showing promising result for improving drug 
development�ef�ciency14. 

On the other hand, molecular docking 
alongside molecular dynamics simulation 
is� just� as� important� in� rational� drug� design�
because they study drug-target interactions on 
the molecular level. These techniques provide 
insight into possible neurotoxic effects of drugs 
by understanding how a drug interacts with its 
intended target and whether it does something 
else that is not supposed to be done15.� For�
instance, in a study molecular dynamic 
and docking simulations to investigate 
the interaction of neurotoxins with human 
voltage-gated sodium channels, highlighting 
the importance of such interactions in 
neurotoxicity16.

Predictive Models and Toxicity Endpoints in 
Neurological Drug Development

Quantitative� Structure-Activity� Relationship�
(QSAR)�Models
Statistical and machine learning techniques 
are used in QSAR models to relate biological 
activities to chemical structures which later 
on predict harmful effects even before an 
experiment is conducted17. The process 
starts with the chemical structures and 
toxicity information being procured from 
cheminformatics� repositories� like� ToxCast�
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and Tox21. After that, the technique of 
feature engineering is used to extract 
molecular characteristics that are crucial 
for drug metabolism, like solubility, logP, 
and� Lipinski’s� rule� of� �ve.� The� constructed�
features are used for model development, in 
which� different� regression� and� classi�cation�
techniques are applied, such as Random 
Forests,� Support� Vector� Machines� (SVM),�
and Neural Networks. In the end, the models 
are used for validation and prediction in 
which the model is cross-validated with the 
experimental data sets18,19.�Common�tools�that�
rely on QSAR models include deep learning 
models for predictive toxicology - DeepTox 
trained on Tox21 data claims high prediction 
accuracy for various toxic effects. There is 
also the multi-purpose VEGA QSAR model 
that combines several existing QSAR models 
for the prediction of neurotoxic, hepatotoxic, 
and�carcinogenic�effects,�along�with�the�OECD�
Toolbox that applies structural alerts and read-
across features for QSAR prediction20.

Adverse Outcome Pathway (AOP) Framework
The AOP (Adverse Outcome Pathway) provides 
a clear description of health impacts triggered 
by certain molecular and cellular actions. It 
combines high-throughput screening (HTS) 
data, computational models, and biological 
pathway analysis to determine if something 
is potentially neurotoxic21. The process starts 

with the consideration of Molecular Initiating 
Events (MIEs), which include receptor binding 
and enzyme inhibition, and other upstream 
events. These MIEs are connected to Key 
Events (KEs) at the level of the cell, tissue, 
and organ, forming a mechanistic pathway to 
toxicity.� Consequently,� the� AOP� framework�
determines the Adverse Outcome (AO), which 
is�how� the�drug’s� ability� to� cause�neurotoxic�
is evaluated by correlating the molecular 
changes with clinical signs of the illness. AOP 
model validation testes and simulation use are 
in vitro assays and in silico shifting some of the 
primary dependence away from animal testing 
and providing more accurate exposures and 
estimates of neurotoxicity22. 

In-silico tools for toxicity prediction
The prognosis of multiple toxicity endpoints 
in silico as far as drug discovery is concerned, 
for example, carcinogenicity, mutagenicity, 
hepatotoxicity, and neurotoxicity is made 
simpler due to the availability of various 
advanced in silico methods. DEREK Nexus 
achieves neurotoxicity prediction sensitivity 
of 78 % through a rule based structural alert 
system23. ProTox-II employs machine learning 
and�similarity�and��rst�takes�input�in�structure�
form, then adds descriptors and uses ML 
models� for� classi�cation.�This� results� in� a� lot�
sensitivity for neuroactive compounds24.

Table 1: This table presents widely used tools, their predicted endpoints, and the methodologies employed for prediction

S. no. Tools Endpoints Methodology References

1. ProTox3.0 Neurotoxicity, Hepatotoxicity,
BBB toxicity

AI-based toxicity prediction, molecular 
docking

25

2. ToxTree Neurotoxicity,�Carcinogenicity,�
Mutagenicity, Hepatotoxicity, 
Immunotoxicity

Rule-based structural alerts 26

3. pKCS Hepatotoxicity, Mutagenicity QSAR model, machine learning 27

4. vNN Mutagenicity,�Carcinogenicity,� 
Skin sensitization

Deep learning on chemical datasets 28

5. ADMET lab 3.0 Hepatotoxicity, Nephrotoxicity, 
Cardiotoxicity

QSAR, ML, knowledge-based models 29

6. eMolTox Neurotoxicity, Hepatotoxicity, 
Nephrotoxicity,�Carcinogenicity

ML models (SVM, random forests) 30

7. Ames Test Mutagenicity Bacterial assay for DNA mutation detection 31

Maitreyi�Pathak,�Prachi�Srivastava.�Predictive Toxicology of Neurological Disorder Drugs:  
A Quantum Mechanics and Rational Design Approach



106 International Journal of Neurology and Neurosurgery

IJNNS / Volume 17, Number 2 / May - August 2025

Challenges in Predictive Toxicology

Blood-Brain Barrier (BBB) Limitations
The blood-brain barrier (BBB) is an important 
protective� layer� for� the� Central� Nervous�
System�(CNS),�but�the�current�in�silico�models�
of BBB permeability only achieve about 78% 
accuracy. This falls short of what is needed 
to accurately predict neurotoxicity32. Newer 
models combining physiologically based 
pharmacokinetics (PBPK) with molecular 
dynamics (MD) simulations have achieved 
almost 85% accuracy, but these models are 
expensive to run and need additional work33.

Lack of High-Quality Toxicity Datasets
The� ef�cacy� of� models� designed� to� predict�
toxicity largely relies on the availability of 
well-structured annotated datasets. However, 
ToxCast,� Tox21,� and� many� other� public�
datasets exhibit variability due to differences 
in design and annotation quality or incomplete 
coverage34. The analysis of 20,000 compounds 
in various databases disclosed that variation 
across databases caused average prediction 
differences of 12-18% in neurotoxicity 
classi�cation35.

Computational Cost of Quantum Mechanics 
(QM)-Based Approaches
Models that are based on quantum mechanics 
(QM) are unmatched in their accuracy when 
modeling electronic interactions and oxidative 
stress-related toxic effects. However, when it 
comes to our drug screening processes, it can 
be challenging due to high computational 
requirements. In contrast, traditional 
QSAR models tend to process thousands of 
compounds� in� just�minutes,� but�yield� results�
with lower accuracy36. More optimization 
needs to be done to accomplish a balance 
between�accuracy�and�ef�ciency�for�large-scale�
neurotoxicity spectrum predictions.

Future Directions in Predictive Toxicology
Multi-Omics Integration (Genomics, 
Transcriptomics, Proteomics)
The integration of various techniques, such as 
genomics, transcriptomics, and proteomics, is 
improving the prediction of neurotoxicity since 
it exposes the molecular changes associated 
with toxicity37.� From� pro�ling� neuroactive�
compounds, predictive accuracy for 
neurotoxicity�has�been�achieved.�Glial��brillary�
acidic�protein�(GFAP)�and�Neuro�lament�light�

(NfL) proteomic biomarkers correlate with 
neuro-damage. 

Hybrid Models Combining AI and QM
The hybrid QSAR-QM model allows for the 
combining� of� arti�cial� intelligence� founded�
QSAR models with quantum mechanics 
techniques�in�an�ef�cient�and�precise�manner.�
Deep learning integrated QM models are 
capable of reducing the computational cost 
of� DFT� calculations,� thus� increasing� the�
model� ef�ciency� for� expansive� preliminary�
evaluations39.

CONCLUSION
To summarize, the prediction of toxic 
compounds is indeed very important for the 
development of drugs for most of neurological 
disorders. In many cases, advanced methods 
are necessary because the classical techniques 
are time-consuming and costly. QM and 
RDD� have� suf�cient� molecular� information�
to predict toxicity at an early stage of drug 
development, which makes the entire process 
of drug formulation less hazardous. Models 
based�on�QM,�like�DFT,�can�provide�analytical�
toxicity� estimates� by� evaluating� an� object’s�
electronic structure and reactivity. These 
techniques, coupled with machine learning 
algorithms and other in silico approaches 
increase the productivity of drug screening. 
Ef�cacy�and�safety�are�considered�together�at�
the moment when the drug is designed with 
the help of RDD and other computer-based 
techniques.

However, there are problems like the 
complexity� of� computation� and� insuf�cient�
testing is still there. To solve these problems, 
there is a need for progress made in AI 
assisted modeling as well as interdisciplinary 
approaches.� Combining� QM,� RDD,� and� big�
data analytics will improve drug discovery 
pipelines by strengthening predictive toxicity 
frameworks. The application of QM and RDD 
can produce drugs for neurological disorders 
that are much safer and more effective while 
keeping the risk of toxicity to a minimum. In 
the future, work should be done to advance 
the precision of the model, get acceptance from 
relevant authorities, and increase the range of 
applicable chemical compounds.
Con�ict� of� Interest:� The authors declare no 
con�icts�of�interest�related�to�this�study.
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