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Abstract: Absorp)on, Distribu)on, Metabolism, Excre)on, and Toxicity (ADMET) proper)es represent 

the cornerstone of pharmacokine)c and safety evalua)on in drug discovery. Computa)onal predic)on 

of ADMET behavior has become indispensable for reducing a�ri)on rates, op)mizing lead compounds, 

and accelera)ng preclinical decision-making. This chapter explores the integra)on of data modeling, 

molecular modeling, and ar)ficial intelligence (AI) to build robust predic)ve frameworks capable of 

es)ma)ng ADMET parameters with high accuracy and interpretability. Beginning with the theore)cal 

and experimental founda)ons of ADMET assessment, it elaborates on the evolu)on from 

physicochemical heuris)cs to data-driven and AI-augmented predic)ve systems. The discussion spans 

molecular descriptor engineering, dataset cura)on, quantum and molecular mechanics-based 

modeling, and advanced machine learning algorithms, including deep neural networks and graph-

based architectures. Par)cular emphasis is given to AI-enhanced toxicology covering mechanis)c 

modeling, pathway-level inference, and toxicity mechanism elucida)on through large-scale data 

integra)on. The chapter also cri)cally evaluates the performance of modern ADMET tools, including 

pkCSM, admetSAR, DeepTox, and ADMETlab, highligh)ng benchmark datasets, regulatory 

considera)ons, and model interpretability. Finally, it envisions the future of in silico toxicology through 

explainable AI, digital twins, and toxicogenomic frameworks that merge molecular simula)ons with 

real-world biological complexity. 

 

Keywords: ADMET predic)on, molecular modeling, data-driven pharmacokine)cs, ar)ficial 

intelligence, toxicology. 

 

Citation: Ponmadasamy, Kombiah Pandi C, K. Irulappan.  ADMET Predic)on: Data Modeling, Molecular 

Modeling and AI-Enhanced Toxicology. Comprehensive Approaches in Computer-Aided Drug Design: 

QSAR, Docking, Screening, Homology, Pharmacophore and AI-Driven Insights. Genome Publica)on. 

2025; Pp171-186. h�ps://doi.org/10.61096/10.61096/978-81-990998-7-6_14     



172 

 

14.0 INTRODUCTION 

ADMET Predic�on in Modern Drug Design 

The evalua)on of ADMET proper)es has emerged as one of the most decisive stages in the 

drug development pipeline, directly influencing both clinical success and regulatory approval. Despite 

promising potency and selec)vity, nearly 40% of drug candidates fail during clinical trials due to 

unfavorable pharmacokine)cs or toxicity issues [1]. Consequently, the integra)on of computa)onal 

ADMET predic)on into early discovery workflows has transformed from a supplementary screening 

step into a central strategic framework for ra)onal drug design. The concept of ADMET modeling stems 

from the fundamental need to balance efficacy with safety a principle encapsulated in the no)on of 

the therapeu"c window. A compound’s pharmacological poten)al is realized only if it reaches its 

biological target at therapeu)c concentra)ons without inducing adverse effects in non-target systems. 

Computa)onal ADMET predic)on, oEen integrated with QSAR, docking, and molecular dynamics 

simula)ons, provides an early es)ma)on of these parameters by simula)ng absorp)on through 

biological membranes, distribu)on via plasma protein binding, enzyma)c metabolism, renal and 

hepa)c excre)on, and poten)al off-target toxici)es [2,3]. 

Ini)ally, heuris)c approaches such as Lipinski’s “Rule of Five,” Veber’s polar surface area (PSA) 

criterion, and Egan’s logP thresholds offered simple filters for assessing drug-likeness. However, with 

the growing complexity of chemical libraries and the diversity of therapeu)c modali)es ranging from 

small molecules to pep)des and macrocycles these empirical rules have proven insufficient. Modern 

approaches employ extensive data-driven models that integrate molecular descriptors, 

cheminforma)cs fingerprints, and systems-level biological data to predict pharmacokine)c and toxicity 

endpoints quan)ta)vely [4]. The past decade has witnessed a paradigm shiE from rule-based and 

linear regression methods toward machine learning and AI-driven models capable of learning complex 

non-linear rela)onships between molecular structures and their biological outcomes. Tools such as 

pkCSM and admetSAR pioneered the integra)on of graph-based features and network-derived 

descriptors, while newer AI frameworks like DeepTox and DeepADMET leverage deep neural networks 

and graph convolu)onal networks (GCNs) for improved accuracy and generalizability [5,6]. 

Beyond predic)ve performance, interpretability and mechanis)c transparency are now 

essen)al requirements in ADMET modeling. Regulatory agencies such as the U.S. FDA and EMA 

increasingly advocate for explainable AI approaches that elucidate how specific molecular 

substructures influence absorp)on, metabolism, or toxicity [7]. The emerging convergence of AI, 

molecular simula)ons, and omics data heralds a new era of mechanis"c toxicology, in which data-

driven predic)ons are validated and refined through pathway-level biological understanding. 

 

14.1 Experimental and Computa�onal Founda�ons of ADMET Evalua�on 

ADMET evalua)on is tradi)onally rooted in experimental assays designed to measure 

pharmacokine)c parameters in vitro and in vivo. Classical in vitro models such as Caco-2 permeability 

assays for intes)nal absorp)on, plasma protein binding studies for distribu)on, microsomal stability 

for metabolic clearance, and hepatocyte-based cytotoxicity tests have long served as benchmarks for 

assessing pharmacokine)c behavior [8]. In vivo pharmacokine)c studies in rodents or primates 

provide integra)ve data on clearance, bioavailability, and )ssue distribu)on. However, these 

experiments are )me-consuming, costly, and ethically constrained. Computa)onal ADMET predic)on 

emerged to address these challenges by providing scalable and cost-effec)ve alterna)ves capable of 

screening thousands of molecules per day. The computa)onal founda)on of ADMET predic)on 

encompasses three principal domains: 
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1. Empirical and Sta)s)cal Models: These rely on correla)ons between molecular descriptors 

and experimentally measured ADMET endpoints, oEen expressed as QSAR equa)ons or machine 

learning models. For instance, the rela)onship between lipophilicity (logP) and permeability, or 

molecular weight and renal clearance, can be modeled sta)s)cally using large datasets [9]. 

2. Mechanis)c and Molecular Modeling Approaches: These simulate the biophysical or 

biochemical processes governing ADMET behavior. Molecular dynamics (MD) simula)ons are 

employed to study membrane permea)on, while docking and quantum mechanical (QM) calcula)ons 

elucidate metabolic interac)ons with cytochrome P450 enzymes or transporter proteins [10]. 

3. Hybrid and AI-Driven Models: These integrate mechanis)c and data-driven principles. Deep 

learning architectures can infer non-linear dependencies between molecular structure and ADMET 

profiles, while reinforcement learning op)mizes compound design itera)vely to improve 

pharmacokine)c characteris)cs [11]. 

The predic)ve reliability of computa)onal ADMET models depends on dataset quality, 

descriptor selec)on, and valida)on protocols. Recent advances in FAIR (Findable, Accessible, 

Interoperable, and Reusable) data cura)on and large-scale repositories like ChEMBL, PubChem 

BioAssay, and ToxCast have significantly enhanced model training capabili)es [12]. By merging curated 

bioassay data with chemical descriptors and biological annota)ons, these datasets serve as the 

backbone for robust model development and benchmarking. 

 

14.2 Data-Driven Modeling: Descriptor Engineering and Dataset Cura�on 

The founda)on of any ADMET predic)on model lies in the appropriate representa)on of 

molecular structures through descriptors that capture relevant physicochemical, topological, and 

electronic proper)es. Descriptor engineering the process of selec)ng, genera)ng, and op)mizing 

molecular features directly influences model accuracy and generaliza)on. 

1. Descriptor Categories 

Descriptors are broadly classified into one-dimensional (1D, e.g., molecular weight, hydrogen 

bond count), two-dimensional (2D, e.g., topological polar surface area, rotatable bonds), and three-

dimensional (3D, e.g., molecular volume, electrosta)c poten)al) representa)ons [13]. Addi)onally, 

four-dimensional (4D) and higher-order descriptors incorporate conforma)onal flexibility and dynamic 

proper)es extracted from MD simula)ons or ensemble averaging. In ADMET modeling, lipophilicity, 

polar surface area, hydrogen bond donor/acceptor counts, and molecular refrac)vity remain key 

predictors of permeability and solubility [14]. 

2. Fingerprints and Graph Representa�ons 

Structural fingerprints such as ECFP4, MACCS keys, and pharmacophore fingerprints encode 

molecular substructures for similarity-based learning. In advanced AI models, molecules are 

represented as graphs where atoms are nodes and bonds are edges, allowing graph neural networks 

(GNNs) to capture atomic connec)vity and spa)al rela)onships without manual feature engineering 

[15]. 

3. Dataset Cura�on and Quality Control 

Reliable ADMET predic)on depends heavily on the consistency and reproducibility of training 

data. Datasets derived from heterogeneous experimental condi)ons may introduce systema)c biases. 

Standardiza)on of experimental units, removal of duplicates, and normaliza)on of endpoint ranges 

are essen)al preprocessing steps [16]. Outlier detec)on, chemical space balancing, and stra)fied 

sampling prevent model overfiPng and ensure representa)ve coverage of the ADMET domain. 
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4. Benchmark Datasets and Repositories 

Public datasets such as the Tox21 Challenge Dataset, ToxCast, ADMETlab Database, and OECD 

QSAR Toolbox have been instrumental in developing and benchmarking modern ADMET models [17]. 

These datasets combine experimental toxicity and pharmacokine)c data with molecular descriptors 

and assay annota)ons, enabling both regression and classifica)on modeling. Recent efforts also focus 

on integra)ng mul)-omics data (transcriptomic or proteomic responses) to enhance mechanis)c 

interpretability. 

 

5. Data Augmenta�on and Transfer Learning 

Given the limited experimental data for certain ADMET endpoints (e.g., blood-brain barrier 

permeability or idiosyncra)c hepatotoxicity), AI models oEen employ data augmenta)on or transfer 

learning. These techniques reuse knowledge from related tasks such as general toxicity or solubility 

predic)on to improve model performance on sparse datasets [18]. 

Through careful descriptor engineering and curated datasets, ADMET modeling has evolved 

from simple regression-based filters into sophis)cated, high-dimensional systems capable of capturing 

the complex interplay between structure and biological behavior. 

 

14.3 Molecular Modeling Approaches for ADME Profiling 

While data-driven approaches provide sta)s)cal correla)ons, molecular modeling offers 

mechanis)c insight into how molecular structure dictates ADME behavior at the atomic level. Each 

ADME component absorp)on, distribu)on, metabolism, and excre)on can be examined through 

dis)nct molecular modeling frameworks. 

1. Absorp�on 

Passive diffusion through lipid membranes is modeled using molecular dynamics simula)ons 

that compute permeability coefficients based on free energy barriers across phospholipid bilayers [19]. 

Umbrella sampling and poten)al of mean force (PMF) analyses yield atomis)c insights into membrane 

permea)on processes. For ac)ve transport, docking and pharmacophore models of transporter 

proteins (e.g., P-glycoprotein, OATP1B1) predict substrate specificity and efflux suscep)bility [20]. 

2. Distribu�on 

Plasma protein binding par)cularly to albumin and α1-acid glycoprotein affects free drug 

concentra)on. Docking simula)ons, combined with MM-GBSA binding energy calcula)ons, es)mate 

protein binding affini)es and help predict the frac)on unbound (fu). Computa)onal methods also 

model )ssue par))on coefficients, correla)ng them with physicochemical descriptors such as logD and 

pKa [21]. 

3. Metabolism 

Cytochrome P450 enzymes (CYPs) are central to drug metabolism, and their ac)ve sites have 

been extensively characterized using X-ray crystallography and homology modeling. Molecular docking 

predicts the binding orienta)on of poten)al substrates, while QM/MM hybrid simula)ons elucidate 

oxida)on or dealkyla)on mechanisms [22]. Machine learning models trained on CYP reac)on data can 

further predict metabolic stability and iden)fy likely metabolic “soE spots.” 

4. Excre�on 

Renal clearance modeling relies on physicochemical proper)es like hydrophilicity, ioniza)on, 

and molecular weight. Computa)onal physiologically based pharmacokine)c (PBPK) models simulate 

drug concentra)on–)me profiles in systemic circula)on and excretory organs [23]. 
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5. Integra�on of Molecular and Data-Driven Models 

Recent studies advocate hybrid frameworks combining mechanis)c and sta)s)cal insights e.g., 

coupling docking-derived features with deep learning architectures to achieve both interpretability 

and predic)ve accuracy [24]. For instance, integra)ng CYP docking scores with graph-based ADMET 

predictors improves metabolic liability es)ma)on. Molecular modeling not only enhances 

understanding of ADME mechanisms but also generates high-quality, mechanism-aware descriptors 

that feed into AI-driven predic)ve systems, bridging the gap between physics-based and data-centric 

paradigms. 

 

14.4 Machine Learning and Deep Learning for ADMET Predic�on 

The incorpora)on of machine learning (ML) and deep learning (DL) into ADMET predic)on has 

revolu)onized the field by enabling models to learn intricate, nonlinear rela)onships between 

molecular structure and biological behavior. Early QSAR-based models relied on linear or polynomial 

regressions, but these were limited by the assump)on of feature independence and linearity. In 

contrast, ML and DL frameworks can capture higher-order feature interac)ons, chemical substructure 

dependencies, and complex dose–response pa�erns across large, heterogeneous datasets [25]. 

1. Classical Machine Learning Algorithms in ADMET Predic�on 

Tradi)onal ML algorithms, such as Random Forest (RF), Support Vector Machines (SVM), k-

Nearest Neighbors (kNN), and Gradient Boos)ng Machines (GBM), remain fundamental tools for 

ADMET modeling. These algorithms have been successfully applied to predict aqueous solubility, 

blood-brain barrier (BBB) permeability, cytochrome P450 inhibi)on, and hepatotoxicity. Random 

Forests, in par)cular, have demonstrated high interpretability and robustness against overfiPng due 

to ensemble averaging [26]. SVMs, through kernel transforma)ons, model nonlinear rela)onships 

efficiently, whereas boos)ng methods (e.g., XGBoost, LightGBM) have proven highly efficient for large-

scale ADMET datasets such as ChEMBL and ToxCast [27]. 

2. Deep Learning and Neural Architectures 

Deep learning has expanded ADMET modeling beyond handcraEed descriptors. Feedforward 

deep neural networks (DNNs) were the first to achieve superior predic)ve performance, par)cularly 

in solubility and toxicity benchmarks. Convolu)onal Neural Networks (CNNs) enable spa)al feature 

extrac)on from molecular images or voxelized representa)ons, while Recurrent Neural Networks 

(RNNs) and Transformers capture sequen)al dependencies in SMILES strings for genera)ve and 

predic)ve tasks [28]. 

Recent architectures such as Graph Convolu)onal Networks (GCNs) and Message Passing 

Neural Networks (MPNNs) treat molecules as graphs, allowing atom-level feature propaga)on that 

reflects true molecular topology. These models, implemented in frameworks like DeepChem, 

Chemprop, and GraphDTA, outperform tradi)onal descriptor-based methods in predic)ng complex 

endpoints like cardiotoxicity (hERG inhibi)on) and hepatotoxicity [29]. 

3. Transfer Learning and Mul�-Task Learning 

One of the key challenges in ADMET modeling is the uneven data distribu)on across 

endpoints. Mul)-task neural networks address this limita)on by jointly learning mul)ple 

pharmacokine)c and toxicity proper)es, leveraging shared representa)ons to enhance predic)on 

accuracy for low-data endpoints [30]. Transfer learning techniques where pre-trained models on large 

chemical datasets (e.g., MoleculeNet, PubChem) are fine-tuned for specific ADMET tasks improve 

model generaliza)on across chemical space and reduce training data requirements [31]. 
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4. Ensemble and Hybrid Architectures 

To mi)gate the variability of single-model predic)ons, ensemble learning strategies combine 

mul)ple algorithms (e.g., RF + SVM + DNN) to produce consensus outputs. Hybrid systems integra)ng 

molecular docking-derived descriptors with DL models offer both mechanis)c and sta)s)cal accuracy. 

For instance, pkCSM employs graph-based signatures derived from molecular distance distribu)ons, 

while DeepTox and DeepADMET use stacked DNNs trained on molecular fingerprints, achieving 

benchmark-leading accuracy in the Tox21 challenge [32]. 

5. Model Valida�on and Generaliza�on 

Robust valida)on protocols are cri)cal to ensure generaliza)on. Cross-valida)on, external test 

sets, and Y-randomiza)on tests prevent model overfiPng, while Applicability Domain (AD) analysis 

defines the chemical space within which predic)ons remain reliable [33]. Moreover, interpretability 

methods such as SHAP (SHapley Addi)ve exPlana)ons) and Layer-Wise Relevance Propaga)on (LRP) 

are increasingly used to iden)fy which substructures most influence model outputs bridging AI 

predic)ons with chemical intui)on. Through the synergy of advanced algorithms, curated datasets, 

and feature-rich molecular representa)ons, ML and DL have transformed ADMET predic)on from 

heuris)c es)ma)on into a predic)ve science with increasing regulatory credibility. 

 

14.5 AI-Enhanced Toxicology: Mechanis�c and Data-Centric Perspec�ves 

The integra)on of ar)ficial intelligence into toxicology has transformed risk assessment from 

empirical observa)on to predic)ve inference. Tradi)onal toxicology relied on in vivo tes)ng, which, 

though biologically relevant, was constrained by cost, )me, and ethical concerns. AI-driven toxicology 

oEen termed computa"onal toxicology or in silico toxicology leverages high-throughput data, 

mechanis)c modeling, and systems biology to forecast toxicity outcomes based on molecular structure 

and biological context [34]. 

1. Mechanis�c Toxicology and Pathway-Based Models 

Mechanis)c modeling iden)fies how molecular interac)ons trigger downstream biological 

responses leading to toxicity. The concept of Adverse Outcome Pathways (AOPs) causal networks 

linking molecular ini)a)ng events (MIEs) to cellular and organismal effects forms the backbone of AI-

enhanced toxicology. Machine learning models, trained on omics data and chemical perturba)on 

profiles, can infer likely AOPs for untested compounds, enabling predic)ve assessment of 

hepatotoxicity, neurotoxicity, or endocrine disrup)on [35]. 

2. Toxicogenomics and Mul�-Omics Integra�on 

AI methods now integrate transcriptomics, proteomics, and metabolomics data to capture 

system-level responses. Deep learning models applied to transcriptomic signatures from the LINCS 

L1000 or ToxCast datasets can predict molecular mechanisms of toxicity by learning gene expression 

pa�erns associated with specific toxicological outcomes [36]. Graph neural networks (GNNs) further 

enable mapping of gene–chemical–pathway rela)onships, offering a systems-level view of 

toxicodynamics. 

3. AI Models for Specific Toxicity Endpoints 

 Hepatotoxicity: DNNs and ensemble models trained on the DILIrank dataset have iden)fied 

key substructures (e.g., nitroaroma)cs, thioethers) associated with liver injury [37]. 

 Cardiotoxicity: Models predic)ng hERG potassium channel inhibi)on (a major cause of 

arrhythmia) use graph-based fingerprints and docking-informed features to achieve near-experimental 

accuracy [38]. 
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 Genotoxicity and Carcinogenicity: Mul)-layer networks integra)ng molecular descriptors with 

genomic mutagenicity data can predict Ames test outcomes and iden)fy structural alerts for genotoxic 

fragments [39]. 

4. Interpretability and Explainable AI (XAI) in Toxicology 

Toxicological predic)ons must be interpretable to gain regulatory acceptance. XAI techniques 

visualize which atomic environments or molecular substructures contribute most to predicted toxicity, 

aiding medicinal chemists in designing safer analogs. For example, a�en)on-based neural networks 

can highlight aroma)c amines as high-risk regions within a molecule, aligning model inference with 

known chemical toxicophores [40]. 

5. Data Sources and Frameworks 

Key ini)a)ves such as the U.S. EPA’s Tox21 and ToxCast programs, the European REACH 

regula)on, and OECD’s QSAR Toolbox provide standardized toxicity data and guidelines for model 

valida)on [41]. AI frameworks like DeepTox, AI-Tox, and Chemprop-Tox integrate these datasets to 

deliver pre-trained models for mul)-endpoint toxicity predic)on. These plaYorms have demonstrated 

predic)ve accuracies exceeding 80% across diverse chemical classes, valida)ng their applicability for 

both industrial and regulatory purposes. AI-enhanced toxicology thus bridges empirical toxicology with 

data science, enabling rapid, mechanism-aware predic)ons that accelerate safety evalua)on and 

minimize animal tes)ng. 

 

14.6 Integra�on of ADMET Models into Drug Discovery Pipelines 

The true value of ADMET predic)on lies in its integra)on within the broader drug discovery 

and development con)nuum from hit iden)fica)on through lead op)miza)on and clinical candidate 

selec)on. When embedded early in the pipeline, computa)onal ADMET modeling acts as a “fail-fast” 

filter, elimina)ng liabili)es before costly synthesis and biological tes)ng. 

1. Early Screening and Virtual Filtering 

During hit discovery, virtual screening libraries are filtered using ADMET rules to ensure 

compounds exhibit favorable solubility, permeability, and metabolic stability. Integrated plaYorms like 

SwissADME and ADMETlab perform simultaneous physicochemical evalua)on and ML-based toxicity 

screening, drama)cally reducing a�ri)on at later stages [42]. For example, integra)ng pkCSM 

predic)ons of intes)nal absorp)on and hepatotoxicity with docking results enables simultaneous 

op)miza)on of efficacy and pharmacokine)cs. This dual-filter approach has been successfully applied 

in designing selec)ve kinase inhibitors and CNS-ac)ve molecules [43]. 

2. Lead Op�miza�on and Structure Refinement 

ADMET models guide medicinal chemists by pinpoin)ng structural liabili)es such as 

metabolically labile sites or hERG-binding moie)es and sugges)ng modifica)ons to enhance safety. 

Itera)ve feedback between computa)onal predic)ons and synthe)c chemistry forms a closed-loop 

op"miza"on cycle. AI-driven de novo design tools like REINVENT and DeepChem Design incorporate 

ADMET predictors as objec)ve func)ons, genera)ng novel scaffolds op)mized for both potency and 

pharmacokine)cs [44]. 

3. Integra�on with Docking, Molecular Dynamics, and PBPK Models 

Mul)-scale integra)on further enhances predic)ve realism. Docking and MD simula)ons 

refine binding affinity predic)ons, while physiologically based pharmacokine)c (PBPK) models 

translate in silico ADMET es)mates into organism-level concentra)on–)me profiles. Such integra)ve 

workflows facilitate dose op)miza)on and pa)ent stra)fica)on in silico before preclinical trials [45]. 
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4. Data Management and Automa�on 

Modern drug discovery pipelines employ automated data workflows linking cheminforma)cs 

databases, QSAR engines, and cloud-based AI systems. PlaYorms like KNIME and Pipeline Pilot 

automate ADMET predic)ons, ensuring traceability, version control, and standardized output formats. 

Integra)on with laboratory informa)on management systems (LIMS) enables con)nuous feedback 

between experimental assays and predic)ve models [46]. 

5. Transla�onal and Regulatory Integra�on 

Regulatory bodies increasingly recognize the u)lity of validated in silico ADMET tools for 

suppor)ng preclinical submissions. OECD principles for QSAR valida)on defining applicability domains, 

mechanis)c interpretability, and performance sta)s)cs provide a framework for model acceptance in 

regulatory toxicology. FDA’s Predic)ve Toxicology Roadmap (2022) emphasizes integra)ng AI-based 

ADMET predic)ons with experimental corrobora)on to accelerate safe therapeu)c innova)on [47]. By 

merging computa)onal precision with experimental valida)on, integrated ADMET pipelines are 

redefining how candidate drugs are priori)zed, op)mized, and transi)oned to the clinic, embodying 

the predic)ve, preven)ve, and personalized principles of modern pharmacology. 

 

14.7 Compara�ve Evalua�on: Classical vs AI-Driven Methods 

The evolu)on of ADMET predic)on from classical sta)s)cal models to AI-driven frameworks 

has substan)ally improved both predic)ve power and scope. However, these two paradigms while 

oEen presented as dis)nct are complementary, each possessing unique advantages and limita)ons 

that inform their appropriate applica)on within the drug discovery process. 

1. Classical Sta�s�cal Models 

Classical QSAR and regression-based models remain valuable for their simplicity, transparency, 

and interpretability. Methods such as Mul)ple Linear Regression (MLR), Par)al Least Squares (PLS), 

and Principal Component Analysis (PCA) have been extensively employed to correlate physicochemical 

descriptors with ADMET outcomes [48]. These models excel in small to medium datasets with well-

defined structure–ac)vity trends. Their strength lies in elucida)ng mechanis)c rela)onships for 

example, how lipophilicity modulates membrane permeability or how electronic proper)es influence 

CYP450 binding. However, they are limited by their assump)on of linearity, inability to capture mul)-

modal distribu)ons, and sensi)vity to outliers or noise [49]. 

2. Machine Learning Approaches 

Machine learning methods par)cularly ensemble models such as Random Forests and 

Gradient Boos)ng bridge the gap between linear regression and deep learning. They manage non-

linearity and complex feature interac)ons without extensive data preprocessing. Studies comparing 

SVMs and RFs to classical QSAR models have consistently shown 10–20% higher predic)ve accuracy 

for endpoints such as hERG inhibi)on and hepatotoxicity [50]. The interpretability of these models, 

while reduced rela)ve to linear QSAR, remains accessible through feature importance and SHAP 

analysis. 

3. Deep Learning and Graph Neural Networks 

Deep learning models outperform both sta)s)cal and classical ML approaches when large, 

diverse datasets are available. For example, DeepTox achieved state-of-the-art results in the NIH Tox21 

challenge by outperforming 12 compe)ng methods, demonstra)ng 10% higher balanced accuracy and 

improved generaliza)on across mul)ple toxicity endpoints [51]. Graph Neural Networks (GNNs) and 

Message Passing Neural Networks (MPNNs) provide a major leap forward, directly learning from 

molecular structures without predefined descriptors, enabling universal representa)on learning for 
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chemical and biological systems [52]. However, they demand significant computa)onal resources and 

large annotated datasets. 

4. Compara�ve Performance Metrics 

Benchmark analyses using public datasets (ToxCast, Tox21, ADMETlab, and ChEMBL) reveal 

that deep learning models achieve average ROC-AUC scores of 0.85–0.90 across endpoints, compared 

to 0.70–0.80 for classical ML models and ~0.65 for QSAR-based linear regressions [53]. Nonetheless, 

the apparent superiority of AI methods must be weighed against their lack of mechanis)c 

interpretability and occasional overfiPng to specific data distribu)ons. 

5. Interpretability vs Predic�ve Power Trade-Off 

Regulatory acceptance hinges not only on accuracy but also on transparency. Linear QSAR 

models remain the gold standard for regulatory submissions under OECD guidelines due to their clear 

mechanis)c basis. AI models, though powerful, must increasingly integrate explainable AI (XAI) 

frameworks such as a�en)on maps, relevance propaga)on, and graph saliency to meet regulatory 

interpretability standards [54]. Thus, a pragma)c approach combines the mechanis)c clarity of 

classical models with the adap)ve power of AI, forming hybrid pipelines that deliver both confidence 

and predic)ve depth in ADMET es)ma)on. 

 

14.8 SoBware Tools, Databases and Benchmarking Frameworks 

The effec)veness of ADMET predic)on in prac)ce depends heavily on computa)onal 

infrastructure comprising accessible databases, validated soEware plaYorms, and standardized 

benchmarking frameworks. Over the past decade, numerous open-source and commercial tools have 

emerged, each offering dis)nct strengths for data-driven pharmacokine)c and toxicological modeling. 

1. Open-Access Tools for ADMET Predic�on 

 SwissADME: Provides physicochemical profiling, lipophilicity es)ma)on, and rule-based ADMET 

evalua)on with an intui)ve web interface. 

 pkCSM: U)lizes graph-based signatures derived from interatomic distance pa�erns to predict 

mul)ple pharmacokine)c and toxicity endpoints simultaneously [55]. 

 admetSAR 2.0: Expands on tradi)onal QSAR models by integra)ng curated datasets from over 

50,000 compounds and providing confidence metrics for each predic)on [56]. 

 ADMETlab 2.0: Offers a modular, ML-based plaYorm that predicts over 50 ADME and toxicity 

endpoints using ensemble learning algorithms and molecular fingerprin)ng [57]. 

 DeepTox and DeepADMET: AI-powered frameworks employing DNNs and GCNs for mul)-

endpoint toxicity predic)on, op)mized for high-dimensional data. 

2. Commercial and Integrated PlaCorms 

Commercial suites such as Schrödinger QikProp, MOE ADMET, BIOVIA Discovery Studio, 

and ACD/Percepta integrate ADMET predic)on into broader molecular modeling environments. These 

plaYorms provide access to proprietary datasets and allow simultaneous predic)on of 

physicochemical, pharmacokine)c, and toxicological parameters within docking or virtual screening 

workflows [58]. 

3. Databases and Knowledgebases 

Reliable model development requires well-annotated experimental data. 

 ChEMBL and PubChem BioAssay provide extensive experimental ac)vity data suitable for 

ADMET model training. 

 ToxCast and Tox21 house high-throughput screening results for environmental and 

pharmaceu)cal compounds, forming the basis of many AI-toxicity benchmarks [59]. 
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 DILIrank and eTOX focus on drug-induced liver injury and integrated toxicological data, 

respec)vely. 

 DrugBank and Human Metabolome Database (HMDB) offer pharmacokine)c metadata, 

metabolic pathway links, and transporter associa)ons that support mechanis)c modeling. 

4. Benchmarking and Valida�on Frameworks 

The MoleculeNet benchmark suite and Therapeu)cs Data Commons (TDC) provide standardized 

pipelines for evalua)ng ADMET models under consistent data splits and metrics (ROC-AUC, RMSE, F1-

score). The use of these frameworks enhances reproducibility and allows fair comparison between 

models [60]. 

Recent efforts such as ADMET-Arena and OpenADMET advocate for open benchmarking of AI 

architectures across mul)ple endpoints, fostering transparency and collabora)on in predic)ve 

toxicology. 

5. Workflow Automa�on and Integra�on 

SoEware plaYorms such as KNIME, Pipeline Pilot, and Galaxy enable automated ADMET pipelines that 

combine descriptor calcula)on, model training, and valida)on. These systems support reproducibility 

and scalability, especially in industrial environments where thousands of molecules must be screened 

daily. 

Together, these tools and resources cons)tute a robust digital ecosystem that allows predic)ve 

ADMET modeling to be integrated seamlessly into discovery workflows, bridging the gap between 

cheminforma)cs and transla)onal pharmacology. 

 

14.9 Applica�ons, Limita�ons and Regulatory Considera�ons 

Computa)onal ADMET modeling has become integral across pharmaceu)cal, environmental, 

and regulatory domains. Yet, its widespread applica)on necessitates a balanced understanding of both 

its strengths and limita)ons. 

1. Applica�ons Across Drug Discovery 

In early discovery, ADMET models serve as pre-screening filters to remove compounds likely 

to fail due to poor solubility, permeability, or toxicity. During lead op)miza)on, predic)ve modeling 

informs structural modifica)ons to improve metabolic stability or reduce off-target binding. ADMET 

predic)on is also employed in drug repurposing iden)fying new indica)ons for exis)ng drugs by 

modeling safety and pharmacokine)c compa)bility across different biological systems [61]. In clinical 

transla)on, PBPK simula)ons augmented by in silico ADMET es)mates enable dose selec)on and risk 

stra)fica)on. Environmental toxicology further u)lizes these models to assess the ecological safety of 

pharmaceu)cals and industrial chemicals. 

2. Limita�ons and Challenges 

Despite notable progress, several challenges persist: 

 Data Quality and Coverage: Experimental variability and lack of standardized repor)ng limit 

dataset reliability. 

 Chemical Space Bias: Models trained on narrow chemical series may fail to generalize to novel 

scaffolds. 

 Interpretability: Deep learning models, though accurate, oEen func)on as “black boxes,” 

impeding mechanis)c understanding [62]. 

 Integra)on with Biological Complexity: In vitro-in vivo extrapola)on remains uncertain due to 

the mul)factorial nature of organismal pharmacokine)cs. 
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 Computa)onal Cost: High-dimensional deep learning architectures demand substan)al 

computa)onal resources and careful hyperparameter tuning. 

3. Regulatory Context and Acceptance 

The regulatory landscape for in silico ADMET modeling has evolved considerably. The OECD 

QSAR Valida)on Principles covering defined endpoints, unambiguous algorithms, applicability domain, 

sta)s)cal robustness, and mechanis)c interpretability remain the benchmark for model valida)on 

[63]. The FDA Predic)ve Toxicology Roadmap (2022) and EMA Regulatory Science 2025 

Strategy recognize AI-based ADMET modeling as a valuable adjunct for risk assessment, provided that 

models are transparent, validated, and documented. Collabora)ve ini)a)ves like the In Silico 

Toxicology Consor)um advocate standardiza)on in data repor)ng and performance benchmarking to 

facilitate regulatory trust [64]. 

4. Ethical and Data Governance Considera�ons 

As AI models increasingly rely on large-scale data aggrega)on, ethical considera)ons related 

to data provenance, bias mi)ga)on, and reproducibility become crucial. Implemen)ng FAIR principles 

ensures data integrity, while model explainability safeguards against overreliance on automated 

decision-making in safety-cri)cal contexts. In sum, computa)onal ADMET modeling offers 

unprecedented speed and depth of analysis but must be implemented within a framework of scien)fic 

rigor, transparency, and ethical responsibility to achieve its full transla)onal poten)al. 

 

Table 14.1. Compara�ve Overview of Major ADMET Predic�on Tools and Algorithms 

Tool / 

PlaCorm 

Underlying 

Methodology 

Key Features Predicted 

Endpoints 

Remarks 

SwissADME Rule-based and 

physicochemical 

descriptors 

Lipophilicity, 

bioavailability 

radar, and 

BOILED-Egg 

model 

Absorp)on, 

solubility, drug-

likeness 

Widely used for 

early-stage virtual 

screening; easy-to-

use web interface 

pkCSM Graph-based 

signatures and 

distance pa�erns 

ML-based 

predic)on of 

ADME-Tox using 

atom–pair 

encoding 

Permeability, 

volume of 

distribu)on, 

toxicity 

Good 

generaliza)on 

across diverse 

datasets 

admetSAR 

2.0 

QSAR and 

ensemble learning 

>50,000 curated 

compounds; 

mul)-endpoint 

classifica)on 

Solubility, BBB 

penetra)on, 

metabolism, 

toxicity 

Integrates 

confidence scoring 

and structural 

alerts 

ADMETlab 

2.0 

ML ensemble 

framework (RF, 

SVM, GBM) 

Predicts >50 

endpoints with 

visual dashboards 

Physicochemical, 

PK, and toxicity 

parameters 

Includes reliability 

indices and 

endpoint 

correla)on plots 

DeepTox Deep neural 

network (DNN) 

architecture 

Mul)-task 

toxicity 

predic)on on 

Tox21 data 

Hepato-, cardio-, 

and genotoxicity 

Benchmark-

winning model; 

strong non-linear 

learning 
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DeepADMET Graph neural 

network (GCN) 

based 

Learns from 

molecular graphs 

and SMILES 

ADME-Tox 

endpoints; CYP 

inhibi)on 

Captures 

topological and 

substructural 

features 

automa)cally 

Schrödinger 

QikProp 

Physics-based + 

sta)s)cal hybrid 

model 

Integrated with 

Glide and 

Maestro 

environments 

24 ADME 

descriptors + logP, 

logS, logBB 

Commercial; high 

accuracy for small 

molecules 

MOE ADMET 

Module 

QSAR and 

database-driven 

Integra)on with 

molecular 

docking 

workflows 

Drug-likeness, 

toxicity, metabolic 

stability 

Commercial; 

strong integra)on 

with QSAR and 

docking 

ToxCast / 

Tox21 

HTS and machine 

learning datasets 

Biological 

response-based 

profiling 

Mul)-organ toxicity Benchmark 

datasets; basis for 

AI-toxicity 

modeling 

 

 
 

Figure 1: Schema�cally illustrates the integrated workflow of AI-enhanced ADMET 

 

 14.10 Future Direc�ons: Explainable AI, Digital Twins and Toxicogenomic Integra�on 

The next fron)er in ADMET predic)on lies in integra)ng explainable AI (XAI), digital 

pharmacokine)c twins, and mul)-omics-based toxicogenomic systems that merge mechanis)c insight 

with predic)ve scalability. 
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1. Explainable and Trustworthy AI 

The development of interpretable neural networks through a�en)on mechanisms, saliency 

mapping, and causal inference is essen)al for building trust in AI-driven toxicology. Explainable models 

will not only predict toxicity but also iden)fy molecular substructures and biological pathways 

responsible for adverse effects, providing ac)onable insights for medicinal chemists [65]. 

2. Digital Twins in Pharmacokine�cs 

The concept of a digital twin a computa)onal replica of a biological system promises 

individualized predic)on of drug absorp)on, metabolism, and toxicity. By integra)ng molecular 

simula)ons, pa)ent-specific genomic data, and AI-driven pharmacokine)c models, digital twins could 

enable personalized dosing and toxicity risk assessment in silico before clinical administra)on [66]. 

Integra)on with wearable and real-)me monitoring data will further bridge the gap between virtual 

predic)ons and physiological reality. 

3. Toxicogenomic and Mul�-Omics Fusion Models 

Future ADMET systems will combine genomics, transcriptomics, proteomics, and 

metabolomics data to map the complete biological response landscape. AI models trained on mul)-

omics datasets, such as those from LINCS, Tox21, and GTEx, can decode gene–chemical–phenotype 

rela)onships underlying individual suscep)bility to toxicity [67]. These frameworks will enable 

predic)on of rare idiosyncra)c reac)ons that conven)onal models cannot capture. 

4. Cloud and Federated Learning Approaches 

With data privacy emerging as a major concern, federated learning architectures allow 

collabora)ve ADMET model training across ins)tu)ons without centralized data sharing. This 

decentralized paradigm accelerates AI innova)on while preserving proprietary datasets and 

intellectual property [68]. 

5. Quantum and Hybrid AI–Physics Models 

The convergence of quantum compu)ng and AI offers new possibili)es for molecular-level 

ADMET predic)on. Quantum-enhanced neural networks could simulate molecular electronic 

transi)ons relevant to metabolism or reac)vity with unprecedented precision, complemen)ng current 

physics-based models [69]. 

6. Towards Autonomous and Sustainable Drug Discovery 

In the long term, automated, cloud-based ADMET predic)on systems integrated into AI-driven 

discovery pipelines will enable self-op"mizing laboratories. These systems will itera)vely propose, 

test, and refine molecular designs in silico, guided by sustainability principles and minimal 

experimental waste. 

The evolu)on of ADMET predic)on thus reflects a broader transforma)on in computa)onal 

drug design from descrip)ve modeling to intelligent, adap)ve, and mechanis)cally transparent 

systems that harmonize chemistry, biology, and data science for safer and faster therapeu)c 

innova)on. 
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