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ABSTRACT

The� effectiveness� of� any� drug� centers�majorly� on� its� pharmacokinetic� features,�
such�as� the�‘absorption’,� ‘distribution’,� ‘metabolism’,�and�‘excretion’�of� the�drug�
[ADME].� The� Complexities� in� drug� development� for� disorders� like� epilepsy,�
Alzheimer’s�disease,�and�Parkinson’s�disease,�are�posed�due�to�presence�of�neuro-
physiological�features,�like�the�blood-brain�barrier�[BBB].�Most�experimental�and�
computational approaches lack precision in describing drug activity at the atomic 
level, especially the intricate electronic interactions that dictate their actions. 
Additive�QM�techniques�signi�cantly�enhance�the�precision�of�ADME�estimates�
because the calculation of electronic structure, molecular interaction, and reaction 
mechanisms is correct. This review looks into where and how the rational drug 
design and synthesis of QM models in silico facilitates the ADME assessment and 
process�of�creating�drugs�for�the�nervous�system.�Special�focus�is�given�to�the�DFT�
application�for�The�molecular�stability�and�reactivity�EM�of�the�modi�ed�ADME,�
quantum enhanced molecular docking to the BBB permeability, and quantum 
mechanics� descriptors� for� QSAR�models.� Further,� we� cover� the� blended� QM/
MM�simulations�together�with�other�arti�cial�intelligence�methods.�Through�these�
advanced computational tools, researchers are able to develop more effective 
neurotherapies with better drug metabolism and lower toxicity risk which 
expedites the drug discovery process.
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INTRODUCTION
Neurological disorders like Epilepsy, 
Alzheimer’s� disease� (AD),� and� Parkinson’s�
disease� (PD)� pose� major� public� health�
challenges, affecting millions globally. 
Chronic� pain,� arising� from� CNS� injury�
and� neuroin�ammation,� impacts� 20–40%�
of patients and is now considered a brain 
diseases.1�Despite�CNS�disease�burdens,�drug�

translation from animal models to humans 
remains complex due to pharmacokinetic/
pharmacodynamics (PKPD) challenges. BBB 
plays a crucial role in neurological drug 
development.2� Computational� drug� design,�
including structure-based (SBDD) and ligand-
based� (LBDD)� approaches,� re�nes� drug�
discovery.3 Quantum biology explores non-
classical effects in biological processes.4 

Key messages: Drug�ef�cacy�highly�depends�on� the�ADME�properties,�with� the�
neurological drug development facing hindrances due to the blood brain barrier 
[BBB].�The�Traditional�computational�methods�mostly�lack�precision�in�modelling�
drug�interactions�at�atomic-level,�whereas�the�quantum�mechanics�[QM]�enhances�
the ADME predictions via electronic structure analysis, quantum docking, density 
functional� theory� [DFT],�and�QSAR�modelling.�The� integration�of� the�QM/MM�
simulations�along�with�arti�cial�intelligence�improves�the�metabolism�prediction�
of� drug,� optimizing� the�neurotherapy�development� by� enhancement�of�ef�cacy�
and reduction of toxicity risks.

Figure 1: Graphical representation of Key ADME endpoints for Drug Designing and Development of Neurological 
drugs
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Neurological Disorders:
The neuropathic pain arises from damages 
occurred�in�the�central�nervous�system�[CNS]�
or peripheral nervous system, leading to halted 
brain activity in the neurological diseases. The 
chronic pain is now regarded as a brain disease 
due to anatomical, functional, and chemical 
changes in the modulatory, sensory, and 
emotional brain systems.5,6 Neuro-imaging has 
identi�ed�various� activation� states�associated�
with pain.7 Different genetic studies have 
identi�ed�various�pain-protective�markers,�like�
GCH1,�CACNG2,�and�KCNS1which�in�uence�
the susceptibility towards chronic pain.8,9,10 The 
Genome-wide� analysis� [GWAS]� studies� may�
further�re�ne�the�genetic�predictors�of�pain 11. 
Understanding of genetic and neuro-biological 
links between neurological condition scan 
facilitate the targeted interventions.12,13

Important ADME parameters for neurological 
drug:
The key ADME [Absorption, Distribution, 
Metabolism, and Excretion] parameters 
in�uence� their� safety� and� ef�cacy.� The�
Absorption� depends� on� ‘lipophilicity’�
[LogP� ~1–3]� for� blood-brain� barrier� [BBB]�
penetration,� the� ‘permeability’� [>10� ×� 10⁻⁶ 
cm/s� in� ‘Caco-2/MDCK’� assays],� and�
ionization� [pKa� ~7–9].� Distribution of drug 
requires�very�high�BBB�permeability�[LogBB�>�
0.3],�moderate�‘volume�of�distribution’�[~0.5–3�
L/kg],� and� <95%� ‘plasma� protein� binding’�
for optimal brain exposure. The Metabolism 
is� primarily�mediated� through�CYP� enzymes�
[CYP3A4,�CYP2D6],�affecting�the�half-life�[~4–
12� hours]� and� drug� clearance.� The�Excretion 
should involve the hepatic metabolism over 
the renal elimination to prevent toxicity, with 
the� ‘clearance’� ranging� from� ‘0.1–1�mL/min/
kg’.� The�Special considerations includes the 
ef�ux� transporter� interactions� [P-gp,� BCRP],�
as inhibiting these transporters improves brain 
penetration as well as brain exposure metrics 
[Kp,uu�>�0.1]� for� the�effective�CNS� targeting.�
The Optimization of these parameters ensures 
better drug bioavailability, reduced systemic 
side effects, and sustained action.14

Blood Brain Barrier mechanisms as important 
Parameter: 
The� blood� brain� barrier� [BBB]� is� a� highly�
specialized structure which regulates the 

exchange of molecules between the central 
nervous� system� [CNS]� and� blood.15,16 The 
endothelial� cells� [ECs]� form� the� core� of�
Blood Brain Barrier, supported by neuro-
vascular� unit� [NVU].17� The� tight� junctions�
[TJs]� are� made� of� proteins� such� as� occludin�
and� claudin-5� [CLDN5],� which� restrict�
para-cellular permeability.18,19 Extracellular 
membrane�of�Central�Nervous�System�exhibit�
low trans-cellular permeability because 
of limited caveolin mediated transcytosis, 
which�is�regulated�by�MFSD2A.20,21�The�Ef�ux�
transporters�like�MDR1/P-glycoprotein�[PGP]�
prevent accumulation of toxins.22,23 Solute 
transporters like LAT1 and GLUT1 facilitate the 
nutrient passage.24,25 The leukocyte adhesion 
molecules� are� down� regulated� in� Central�
Nervous� System� ECs,� reducing� the� immune�
cell� in�ltration.26,27 Hence, understanding of 
Blood Brain Barrier mechanisms is crucial for 
neurological disease research.

Challenges in Drug Development of 
Neurological Drugs:
Neurological disorders, considering all types, 
affect more than 1 billion people across the 
world.28 In 2010, these conditions accounted 
for 30% of all the years lived with a disability 
[YLD].29�However,�the�CNS�drug�development�
yet remains highly challenging, with a very 
low� clinical� approval� rate� [6%� to� 13%]� and�
a� very� long� market� entry� time� [12� years� or�
least� 6–7� years]�when� compared� to� non-CNS�
drugs.30,31,32 Animal models frequently fail to 
accurately� predict� the� human�CNS� disorders�
because of differences in the blood brain barrier 
permeabilities, transporter mechanisms and 
metabolism.33,34,35 To address these challenges, 
in-silico modeling, human pharmacokinetic 
assessments through the in-vitro systems, and 
the translational studies, are crucial. 

Computer aided drug design
The� Computer� aided� drug� design� [CADD]�
is� classi�ed� into� structure� based� and� ligand�
based methods. In structure based methods, 
the 3D structure of the biological targets to 
assess the ligand binding potential. The Ligand 
based approach analyzes the structure activity 
relationships� [SARs]� from� previously� known�
active and inactive compounds to predict the 
new drug candidates. The challenge actually 
lies in accurate description of chemical 
structures using 3D or 2D descriptors. Both 
methods score the molecules based on 
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molecular properties, similarity, or binding 
energy. These approaches are often combined 
for�improved�ef�ciency�and�accuracy,�making�
them highly essential for the early stage 
drug�discovery� and� identi�cation� of� the� new�
chemical entities.36

Quantum mechanics approaches
The quantum physics has been speculated to 
in�uence� the� biological� processes,� precisely�
human consciousness and evolution, even if it 
lacks experimental validation.37,38 It is proposed 
that microtubules function as the quantum bits, 

enabling the complex computation through 
the quantum coherence, with consciousness 
emerging from the collapse of gravity 
induced wave function. But, no experiments 
con�rm�the�stablility�of�macroscopic�quantum�
superpositions in the biology, and the de-
coherence timescales39,40 are too short. It was 
suggested that quantum mechanics accelerate 
evolution,41 but de-coherence studies42 

challenge this. Despite being speculative, these 
ideas inspires an interdisciplinary research 
in quantum biology and the consciousness 
studies.

Tools used in ADME Evaluation of Drugs

Table 1: Tools for ADME Evaluation and Quantum mechanic analysis

Tool Name Endpoints Uses Reference

SwissADME logS�[-10�to�0],�logP�[-3�to�+6],�BBB�
Penetration�[Yes/No],�GI�Absorption�

[High/Low]

Predicts ADME Properties like, lipophilicity, 
solubility, and other pharmacokinetics

43

pkCSM Human Intestinal Absorption (HIA) 
[0–100%],�logS�[-8�to�1],�logP�[-3�to�+8],�

VDss�[Low/High]

Predicts ADME properties using graph-based 
signatures

44

ADMET Predictor logP�(-5�to�+10),�logS�(-12�to�2),�CYP450�
Inhibition (Yes/No), Plasma Protein 

Binding (0–100%)

Predicts ADME and toxicity profiles using QSAR 
models

45

PreADMET logS�[-10�to�1],�logP�[-5�to�+8],�BBB�
Permeability�[logBB:�-3�to�+1],�

Estimates the drug absorption, distribution, and 
metabolism

46

QikProp logS�[-9�to�+1],�logP�[-4�to�+6],� 
Oral�Bioavailability�[L/H]

Predicts the ADME properties as well as drug-
likeness based on molecular descriptors

47

GastroPlus F�[Fraction�Absorbed:�0–1],� 
Cmax�[ng/mL:�1–1000],�Tmax�[0.5–12�h]

Simulates the absorption, distribution, metabolism, 
and elimination of drug 

48

BOILED-Egg Model logP�[-3�to�+6],�GI�Absorption�[Yes/No],�
BBB Permeability 

Predicts the BBB permeability and GI absorption 
using a graphical approach

49

Gaussian Dipole�Moment�[0–10�D], 
Energy�[Hartree:�-1000�to�0],� 
HOMO-LUMO�Gap�[eV:�0–10]

Performs the quantum chemistry calculations for 
the molecular properties and electronic structure 

50

Q-Chem HOMO-LUMO�Gap�[eV:�0–8], 
Vibrational�Frequencies�[cm¹:�0–4000],�

Dipole�Moment�[0–12�D],�

Provides the molecular propertiessuch as energy, 
frequencies and charge distributions

51

ORCA Total�Energy�[Hartree:�-1500�to�0],� 
Bond�Length�[Å:�0.5–3],� 

Excitation�Energy�[eV:�0–10],�

Performs the electronic structure calculations and 
the spectroscopic predictions

52

Spartan Molecular�Energy�[Hartree:�-2000�to�0],�
pKa�[0–14],�LogP�[-5�to�+5]

Performs the molecular modeling, structural 
optimization and energy calculations. 

53

Jaguar pKa�[0–14],�Dipole�Moment�[0–10�D],�
Reaction�Energy�[kcal/mol:�-100�to�+100]

Conducts�the�DFT�calculations�for�drug-protein�
interactions and molecular reactivity.

54

METHODOLOGY
The study showcases an integrated 
computational approach for evaluation of 
ADME properties of the drugs used in treatment 
of neurological disorders. The study employ 
usage of various ADME Prediction Tools, 
like ‘SwissADME’, ‘pkCSM’, ‘GastroPlus’, 
and ‘QikProp’, estimates the solubility 

[logS], lipophilicity [logP], blood-brain 
barrier [BBB] permeability, metabolism, 
and excretion [clearance] to ensure suitability 
of� the� drug’s� pharmacokinetic� properties�
for the neurological targets. The Quantum 
Mechanics-Based Approaches utilize the 
Density Functional Theory [DFT] to model the 
electronic properties like ‘charge distribution’, 
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‘HOMO-LUMO gap’ , and ‘dipole moment’, 
which�in�uence�receptor�interactions�and�drug�
permeability. The Computer-Aided Drug 
Design [CADD] methods, include ‘Molecular 
docking’, ‘molecular dynamics [MD] 
simulations’, and ‘QSAR modeling’, which 
predict� the� drug� ef�cacy� by� assessing� the�
‘stability’,� ‘binding�af�nity’,�and� ‘structural-
activity relationships’. Lastly, the ‘Rational 
Drug Design’ which integrates computational 
predictions along with the ‘lead optimization 
strategies’�to�re�ne�the�drug�candidates�based�
on their metabolic stability absorption, 
and bioavailability,� to� improve� CNS� drug�
discovery and to reduce experimental failures. 
The availability of experimental validation 
further strengthens the computational 
�ndings.

CONCLUSION
The computational evaluation of ADME has 
become an integral part of drug discovery, to 
ensure whether the potential drug candidates 
exhibit desirable pharmacokinetic properties 
or�not;�The�ADME�properties�such�as�‘ef�cient�
absorption’,� ‘appropriate� distribution’,�
‘metabolic�stability’,�and�‘controlled�excretion’.�
Neurological disorders require drugs which 
exhibit� optimized� blood� brain� barrier� [BBB]�
permeability, less metabolic degradation, as 
well as minimal off target effects. The tools 
like�Swiss�ADME,�Gastro�Plus,�pk�CSM,�and�
QikProp give quick as well as cost effective 
assessments of these properties. They enable 
early�identi�cation�of�the�potential�compounds�
while��ltering�out�the�unsuitable�ones.�This�in-
silico� approach� signi�cantly� accelerates� drug�
development process by allowing researchers 
to predict drug behaviour in the body before 
conducting the labour intensive experimental 
studies.

The key ADME endpoints are very 
crucial in determination of effectiveness of a 
neurological drug. The absorption parameters 
such�as�human�intestinal�absorption�[HIA]�and�
logP�[Lipophilicity]�in�uence�reach�of�drug�in�
systemic circulation, while the distribution 
properties like the plasma protein binding 
[PPB]�and� logBB,�which�dictate�how�well� the�
drug�penetrates� the�Central�Nervous�System.�
In the drug Metabolism, interactions with the 
‘CYP450�enzymes’�determines�whether�a�drug�
remains�active�for�a�suf�cient�duration�or�not�
and excretory factors such as renal clearance 

[CL]�and�half� life� [T1/2]� for� ensuring�proper�
elimination for avoidance of unnecessary 
accumulation and toxicity. The computational 
tools enhance the predictions via integration 
of multiple biological and physico-chemical 
factors, while the quantum mechanics-based 
methods� like� ‘Density� Functional� Theory�
‘[DFT]� re�ne� the� molecular� properties� to�
improve the ADME accuracy.
The� advancements� in� arti�cial� intelligence�

[AI]�and�machine�learning�[ML]�have�enabled�
the precise models for ADME prediction, 
enabling the self-learning algorithms to 
continuously improve the models based on 
experimental data. The integration of , QM-
based simulations, physiologically based 
pharmacokinetic� [PBPK]� modelling� and� AI�
driven optimization is expected to revolutionize 
the neurological drug discovery, leading to the 
safer and more effective therapies. Through 
incorporation of computational ADME 
evaluation early in the drug development, 
researchers are able to optimize drug 
candidates�more�ef�ciently�hence�reducing�the�
failure rates in clinical trials and expediting 
development of innovative treatments for the 
neurological disorders.
Con�ict� of� Interest:� The authors declare no 
con�icts�of�interest�related�to�this�study.
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