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Abstract: Sanjeevini 3.0 represents a significant advancement in the realm of structure-based lead molecule discovery. This enhanced
physicochemical principles-based, machine learning-augmented comprehensive software suite/web server version comprises various
modules, including RASPD+ and SEARCH-ML (for a rapid virtual screening of large libraries of small molecules against a specified
target), AADS and ParDOCK+ (for active site prediction and docking), StackTox (for toxicity prediction of small molecules), and
BAPPL+ (for scoring and estimating binding free energies). The pipeline addresses the complex challenges that the global pharma-
ceutical industry faces in translating a molecular-level understanding of human diseases into a cutting-edge technology for generating
suggestions on candidate drug molecules. Each of the modules and the entire pipeline are thoroughly validated on some major life-
threatening diseases, utilizing a dataset of 120 FDA-approved drugs and the corresponding 126 pharmacologically active targets.
Remarkably, the entire pipeline requires only 13–15 min to predict candidate drugs for a single target protein. In nearly 90% of the
cases, the pipeline successfully rediscovers known FDA-approved drugs for the target proteins. This methodology offers an efficient and
streamlined approach without compromising effectiveness. Sanjeevini 3.0 is freely accessible at https://www.scfbio.iitd.ac.in/Sanjeevini/.
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1. Introduction

Sanjeevini 3.0 represents the latest evolution of the San-
jeevini framework, integrating machine learning-enabled screening
strategies with enhanced support for metalloprotein systems. The
discovery of effective drug candidates has historically been a
labor-intensive and costly process [1–3] characterized by iterative
cycles of synthesis and experimental testing of large numbers of
molecules [4]. To address these challenges, in silico approaches
have emerged as powerful alternatives, enabling computational
prediction and analysis of interactions between potential drug
molecules and biological targets [5]. This paradigm shift has
substantially accelerated lead identification by narrowing the
chemical search space prior to experimental validation. Conse-
quently, computer-aided drug design (CADD) has become an
essential component of modern drug discovery pipelines, offering
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the potential to reduce developmental costs and time to market
[6–8]. In practice, these computational tools are predominantly
employed during hit identification and early hit-to-lead optimiza-
tion [9], while more computationally intensive methods such as
free-energy perturbation or QM/MM approaches are typically
reserved for later stages of lead refinement [10].

Sanjeevini 3.0 is an advanced software suite and web server
developed to tackle the increasing complexities in structure-based
drug discovery. Building upon the foundations laid by its earlier
versions [11], the new release incorporates upgraded algorithms,
expanded small molecule databases, and validated machine learn-
ing components to enhance the efficiency and accuracy of the
overall pipeline. Key improvements in this version include a
more reliable treatment of metalloprotein–ligand interactions,
an improved rapid screening strategy capable of evaluating mil-
lions of molecules within minutes, and a preliminary version of
the toxicity predictor, addressing a long-standing challenge in
CADD. In response to the growing need for effective strategies
to translate molecular insights into viable therapeutic candidates
[12], Sanjeevini 3.0 offers a comprehensive pathway for lead
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molecule development through its integrated modules for vir-
tual screening, active site prediction, docking, and binding-energy
estimation.

A central challenge in CADD lies in the vastness of chemical
and biological space, encompassing approximately 1060 possible
carbon-based molecules with molecular weights below 500 Da
[13], alongside more than 240,000 experimentally resolved pro-
tein structures available in the Protein Data Bank [14]. Although
this diversity offers enormous opportunities for drug discovery,
the pharmaceutical industry continues to face low productivity,
driven by high attrition rates, escalating costs, and aging devel-
opment pipelines [15]. Additional challenges include the accurate
prediction of binding affinities, the application of physics-based
free-energy decomposition methods, and a reliable treatment of
metal ions during docking and scoring [16]. Metal ions and
cofactors play critical roles in modulating protein structure and
function [17]; however, their inclusion in docking simulations
and affinity predictions remains computationally demanding and
methodologically complex.

Numerous software tools have been developed to address
screening, docking, and scoring of small molecules [18, 19] includ-
ing widely used platforms such as AutoDock [20], DOCK [21],
FLOG [22], ParDOCK, and ParaDockS [23], each employing dis-
tinct strategies for ligand-receptor interaction prediction. While
these tools have made significant contributions, efficient han-
dling of metal ions, integration of machine learning techniques,
and large-scale computational efficiency remain active areas of
development [24]. To address these limitations, machine learning
methodologies have increasingly been incorporated into CADD
workflows, offering improved modeling of complex molecu-
lar interactions and enhanced scalability for large chemical
libraries [25].

Building upon earlier versions of Sanjeevini [11], the cur-
rent release integrates advanced virtual screening, docking, and

scoring strategies within a unified structure-based drug discovery
framework. The suite integrates diverse ligand databases, includ-
ing ZINC [26], Bioactivity of Indian Medicinal Plant (BIMP)
[27] (https://scfbio.iitd.ac.in/bimp/), and a curated collection of
FDA-approved drugs [28], thereby supporting both de novo lead
identification and drug repurposing studies [29]. The availabil-
ity of chemically diverse libraries enables systematic screening
across multiple targets, increasing the likelihood of identifying
viable lead compounds that may be overlooked by conventional
approaches. Sanjeevini 3.0 comprises multiple modular tools for
active site prediction, high-throughput virtual screening (HTVS),
docking, scoring, and post-processing analyses, with the currently
available modules summarized in Table 1.

The present study documents the capabilities and perfor-
mance of Sanjeevini 3.0, highlighting methodological advances in
scoring functions, incorporation of large-scale chemical libraries,
parallelized docking workflows, and explicit treatment of metal
ion interactions during docking and scoring. These enhancements
are achieved through state-of-the-art machine learning implemen-
tations and are supported by systematic validation of individual
pipeline components. Sanjeevini 3.0 allows users to flexibly employ
selected modules or the complete workflow, depending on spe-
cific research objectives, and is delivered through an improved,
user-friendly web interface (Figure 1).

2. Materials and Methods

2.1. Overview of the Sanjeevini 3.0 workflow

The Sanjeevini 3.0 software suite comprises integrated func-
tionalities encompassing docking, scoring, rapid screening, active
site prediction, and small molecule databases, all consolidated
within a unified platform. The complete workflow is outlined in
Figure 2.

Table 1. The list of available modules in Sanjeevini 3.0 along with its description

S. no. Name of module Function Link

1. Assign atomic charge Calculate transferrable par-
tial atomic charge—up to 4
bonds

https://www.scfbio-iitd.res.in/software/drugdesign/charge.jsp

2. Active site prediction Predict active site of protein https://scfbio-iitd.res.in/AADS/

3. BAPPL+ Binding affinity prediction
tool for non-metallo and
metalloprotein–ligand
complex

https://www.scfbio-iitd.res.in/bappl+/index.php

4. Drug-likeness rules
and Wiener index

Checks the drug-likeness rules
compliance of ligand

https://scfbio.iitd.ac.in/Sanjeevini/druglikeness.php/

5. Molecular Volume
Calculator

Calculate volume of ligand https://scfbio.iitd.ac.in/Sanjeevini/volume_calculator.php

6. StackTox Prediction of toxicity of small
molecules

https://scfbio.iitd.ac.in/StackTox/

7. BIMP A database of phytochemicals
from Indian medicinal plants

https://scfbio.iitd.ac.in/bimp/

8. ParDOCK+ Non-metallo and metallo-
protein–ligand docking
tool

https://scfbio-iitd.res.in/pardock+/

9. RASPD+ High-throughput virtual
screening tool

https://scfbio-iitd.res.in/raspd+/

10. SEARCH-ML Enhanced high-throughput
virtual screening tool

https://scfbio.iitd.ac.in/search-ml/
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Figure 1. A snapshot of the front-end interface of the Sanjeevini 3.0 web server

Figure 2. A schematic layout of the Sanjeevini 3.0 pipeline workflow

The adaptability of the pipeline and its accessibility through
a range of entry points are contingent upon the extent of avail-
able information concerning the target protein and ligands. The
compute cluster supporting the Sanjeevini platform consists of 24
nodes (768 CPU cores in total), each equipped with 96 GB RAM
and running CentOS 7.4 in an OpenMPI environment. A PBS
job scheduler manages job submission and resource allocation.
Depending on the computational demands, different modules of
Sanjeevini are executed in either serial or parallel mode, ensuring
efficient utilization of the available high-performance computing
resources. A detailed description of module integration within the
workflow is provided in the following section.

2.2. Integration of pipeline modules

Sanjeevini 3.0 operates through a modular yet integrated
workflow, where individual components are sequentially con-
nected to enable efficient and biologically relevant identification
of candidate drug molecules. The pipeline begins with active site
prediction using the AADS module when the binding pocket is
not known. This is followed by rapid screening using Screen-
ing and Ensemble Analysis for Receptors and Chemical Hits
with Machine Learning (SEARCH-ML) and RASPD+, which
filter large chemical libraries based on predicted interaction fea-
sibility and binding affinity. The shortlisted compounds are then
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subjected to detailed docking using the ParDOCK+ module,
which generates optimal ligand conformations within the binding
cavity. These docked complexes are subsequently evaluated using
the Binding Affinity Prediction of Protein–Ligand Complexes
(BAPPL+) scoring function to estimate binding free energies
and prioritize the most promising candidates. Additionally, the
StackTox module is incorporated as an early-stage filtering step
to assess the toxicity of candidate molecules. Compounds pre-
dicted to be potentially toxic are removed prior to further analysis
to ensure safety considerations are incorporated alongside bind-
ing affinity predictions. In cases where outputs from different
modules are conflicting, such as compounds exhibiting strong
binding affinity but predicted toxicity, a hierarchical decision
strategy is applied. Specifically, toxicity predictions are considered
a critical filtering criterion, and such compounds may be depri-
oritized despite favorable docking scores. This ensures that the
final selection balances both efficacy and safety. The integrated
design of Sanjeevini 3.0 allows users to either execute the com-
plete pipeline or selectively utilize individual modules depending
on the availability of input data and specific research objectives.
This integration enhances the robustness of candidate selec-
tion by combining physicochemical, structural, and safety-based
evaluation criteria within a unified framework.

2.3. Assignment of atomic charges using assign
atomic charge tool

Sanjeevini 3.0 assigns ligand partial atomic charges using
TPACM4, an empirical GAFF-compatible charge model opti-
mized for high-throughput docking and scoring. TPACM4 derives
chemically consistent partial charges by mapping each atom in
the ligand to a precompiled library of 5302 atom types gener-
ated from ~3640 small molecules. These atom types encode local
chemical environments up to four bonds away and are associ-
ated with RESP-fitted HF/6-31G* charges, ensuring compatibility
with biomolecular force-field parameters [30, 31]. For each input
ligand, TPACM4 automatically computes bond connectivity and
atom environments, identifies the closest-matching atom type in
the lookup table, and assigns the corresponding partial charge.
Residual charge is evenly distributed to satisfy the overall for-
mal charge. The model reproduces RESP-level hydrogen-bond
dimer energies, solvation free energies, and protein–ligand bind-
ing free energies, achieving an average error of ~1 kcal/mol across
benchmark datasets. Its millisecond-level runtime per molecule
enables rapid charge assignment for large chemical libraries, sup-
porting the scale of virtual high-throughput screening performed
in Sanjeevini 3.0.

2.4. Active site prediction (AADS)

The target protein’s tertiary structure with an unidentified
binding pocket is the first point of entrance. The essential prereq-
uisite for designing a potential lead molecule to modulate protein
activity is the knowledge of the binding cavity within the pro-
tein molecule. Sanjeevini 3.0 software suite includes the AADS
module that can predict a robust binding cavity. The prediction
of the binding cavity is accomplished through the application
of a fuzzy scoring algorithm, which assesses the physicochemi-
cal characteristics of the functional groups that line the protein’s
potential binding pockets and assigns corresponding scores. It
systematically incorporates multiple pertinent properties, includ-
ing hydrogen-bond donor and acceptor characteristics, cavity
volume, presence of ring structures, distribution of hydrophobic

groups, and the occurrence of aromatic residues. A higher fuzzy
score is assigned to the cavity exhibiting the highest count of
hydrophobic groups, hydrogen-bond donors, and greater volume.
AADS’ accuracy was shown to be 100% on 620 proteins with dif-
ferent amino acid lengths when the top 10 projected cavities were
taken into consideration.

2.5. Ligand and cavity volume calculator

The second entry point addresses proteins with known bind-
ing cavities. The molecular volume of small molecules can be
determined using the “Molecular Volume Calculator” module
in Sanjeevini 3.0. Calculating the active site and ligand volumes
before docking is crucial for ensuring size compatibility between
the ligand and the binding pocket, which directly influences the
ligand’s ability to fit and form stable interactions. A well-matched
ligand can maximize key interactions, improving binding affin-
ity and docking accuracy. Additionally, this information helps
avoid steric clashes or misfitting, reduces false positives in virtual
screening, and allows for better predictions of ligand orientation
within the pocket. Ultimately, understanding the volumes aids in
selecting ligands that are more likely to succeed [32] in the drug
discovery process.

2.6. High-throughput virtual screening tool
(RASPD+)

The target protein(s) can be directly subjected to HTVS
using the RASPD+ module. The RASPD+ methodology repre-
sents an enhanced approach for identifying lead-like molecules,
leveraging predicted binding free-energy assessments against a tar-
get protein characterized by a 3D structure and a well-defined
ligand binding cavity. The methodology incorporates a compre-
hensive set of physicochemical descriptors for ligands, including
hydrogen-bond donor and acceptor properties, partition coef-
ficient, Weiner index, molar refractivity, and molecular weight
[33]. The descriptor-based rapid screening strategy is rooted in
earlier physicochemical hit-identification frameworks. Simultane-
ously, it assesses 14 essential physicochemical properties for the
input protein. These encompass partition coefficients for both
aromatic and non-aromatic residues, molar refractivity for both
aromatic and non-aromatic residues, hydrogen-bond donor capac-
ity for backbone amide groups, positively charged amino groups,
neutral amino groups, heteroaromatic donors, and hydroxyl-
containing groups. Furthermore, it evaluates hydrogen-bond
acceptor characteristics for backbone amide, positively charged
amino groups, neutral non-aromatic amino groups, and aromatic
acceptors, alongside the determination of the binding pocket’s
volume.

In this updated version, an assortment of machine learning
algorithms has been integrated, encompassing Extremely Ran-
dom Forest (ERF), Random Forest (RF), k-Nearest Neighbors
(KNN), Linear Support Vector Regression (SVR), Epsilon Sup-
port Vector Regression (eSVR), Linear Regression (LR), and
Deep Neural Network (DNN). Notably, a novel feature for scaf-
fold search has been introduced alongside these algorithms. Users
have the flexibility to opt for either a singular method in a sin-
gle run or a combination of all the available methods in a single
execution. The algorithm underwent rigorous testing on a dataset
comprising 493 unidentified protein–ligand complexes, following
a robust training phase involving approximately 4000 non-metallo
protein–ligand complexes meticulously extracted from the PDB-
bind refined dataset [34]. The analysis yielded notable results,
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including a Pearson correlation coefficient of 0.74 and a root
mean square error (RMSE) of 1.86 kcal/mol. The Supercom-
puting Facility for Bioinformatics & Computational Biology
(SCFBio) has developed an enhanced front-end interface for
RASPD+ to facilitate user-friendly screening against a selec-
tion of pre-prepared databases, including the ZINC, DrugBank,
FDA-approved, and the BIMP database, specifically customized
to accommodate the input protein. RASPD+ database contains
10 million small molecules in the ZINC15 database, 8811 small
molecules from the DrugBank database of Version 5.1.8, 3722
FDA-approved small molecules from DrugBank database of Ver-
sion 5.1.8, and 105909 small molecules of Indian medicinal plants
from the BIMP database.

Any of the four available chemical spaces can be utilized to
predict the lead molecule for the target protein. RASPD+ models
used within Sanjeevini 3.0 were trained on the PDBbind refined
dataset (2018 release). After converting reported Kd50, Ki50, and
IC 50 values to binding free energies (ΔG) and removing com-
plexes containing metal ions within 2.1 Å of the ligand, 3925
non-covalent protein–ligand complexes were retained. A nested
cross-validation strategy was used: in each of 10 replicates, 12.5%
of the data (~493 complexes) served as an independent test set,
while the remaining data were subjected to six-fold inner cross-
validation for hyperparameter optimization. All descriptors were
robustly centered and scaled using the median and interquartile
range of the training fold. Final predictive performance (Pear-
son correlation r = 0.74, RMSE = 1.86 kcal/mol) was evaluated
on an independent test set. The “Customized Dataset Screen-
ing” radio button within the RASPD+ module directs the user
to a distinct input screen. Here, the users have the opportu-
nity to construct a tailored small molecule library according to
their preferences and subsequently screen their target against this
ready library of choice. Users can upload either a .txt file or a
.sdf file to create customized datasets of 1000 molecules at once.
The RASPD+ method is publicly available, and the associated
code and software can be accessed via GitHub (https://github.
com/HITS-MCM/RASPDplus), and the web server is available at
https://scfbio-iitd.res.in/raspd+/.

2.7. Enhanced high-throughput virtual screening and
reverse virtual screening tool (SEARCH-ML)

Drawing inspiration from RASPD+, SEARCH-ML is intro-
duced here as the first triaging layer in the Sanjeevini 3.0 workflow.
It is designed to rapidly identify high-priority ligands from very
large chemical libraries before virtual screening and docking.
Unlike conventional docking-based pre-screening, SEARCH-ML
employs an ensemble of machine learning models trained on
experimentally validated structural data. The system was trained
and validated using 11,689 protein–ligand complexes from the
PDBbind.v2020 dataset, ensuring that predictions are grounded in
real structural interactions. The ensemble integrates multiple state-
of-the-art algorithms, including XGBoost, CatBoost, LightGBM,
and RF, each contributing complementary predictive strengths
[35, 36]. Model optimization was performed using Optuna-based
hyperparameter tuning [37], and the final predictions are gener-
ated via a stacked ridge-regression meta-model, enabling improved
generalization and stability across diverse chemical scaffolds.
SEARCH-ML predicts a ligand-receptor interaction feasibil-
ity score and ranks compounds accordingly. The framework
demonstrated a strong coefficient of determination (R² = 0.72)
(Figure 3) on benchmark testing. This performance is compara-
ble to recent deep learning-based approaches such as OnionNet-2
(R² ≈ 0.74) [38], with differences arising from training scope

Figure 3. SEARCH-ML meta-model performance correlation
plot

and design choices, as SEARCH-ML is optimized specifically for
protein–ligand complexes using a newer PDBbind release and
emphasizes high-throughput CPU-only screening. In addition to
forward screening (protein-to-ligand), SEARCH-ML supports a
reverse screening mode (ligand-to-protein), wherein users can sub-
mit a query ligand to identify and rank potential protein targets
from the available receptor set. A key advantage of SEARCH-ML
is its computational efficiency: the model can process 100 million
compounds in under 15 minutes using CPU-only computation,
significantly outperforming traditional virtual screening meth-
ods in speed and resource requirements [39]. In Sanjeevini 3.0,
SEARCH-ML serves as an ultra-fast filtering step that reduces the
search space before RASPD+ virtual screening and ParDOCK+
docking, thereby accelerating the overall pipeline while preserv-
ing prediction accuracy. The module supports screening across
integrated chemical libraries including ZINC, DrugBank, FDA-
approved molecules, PubChem, MolPort, ChEMBL, and BIMP
and can operate even in cases where binding-site information is
not explicitly known, making it broadly applicable for early-stage
drug discovery workflows.

2.8. Drug-likeness filter and Wiener index calculator

To filter and screen small molecules containing the active
scaffold from any of the pre-prepared libraries, users can input
the SMILES representation of the scaffold either by upload-
ing a .txt file containing a single scaffold or by directly pasting
the SMILES string into the designated input field. Prior to cus-
tomized dataset screening, Sanjeevini 3.0 enables evaluation of
drug-likeness using multiple established physicochemical filtering
criteria, including the Lipinski, Egan, Muegge, Veber, and Ghose
rules. These complementary filters assess molecular properties
relevant to oral bioavailability and pharmacokinetic suitability
and allow systematic exclusion of compounds that do not satisfy
commonly accepted drug-like thresholds.

In addition to rule-based filtering, Sanjeevini 3.0 provides
a Wiener index calculator as a topological descriptor to char-
acterize molecular connectivity. In this module, molecules are
represented as hydrogen-suppressed graphs, and a distance matrix
is generated for all non-hydrogen atoms. The Wiener index is com-
puted as the sum of the shortest-path distances, expressed in bond
counts, between all atom pairs [40]. This descriptor reflects overall
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molecular branching and connectivity and is used as an additional
structural feature during early-stage filtering and screening.

2.9. StackTox for toxicity prediction of small
molecules

StackTox is a machine learning-based toxicity prediction
module integrated into the Sanjeevini 3.0 pipeline for early-stage
safety assessment of small molecules. The module accepts molec-
ular structures in SMILES format and predicts the probability of
a compound being toxic or nontoxic, enabling the elimination of
potentially unsafe candidates prior to downstream screening and
docking. The model is trained on curated datasets derived from
multiple publicly available sources, including PubChem reposito-
ries, FDA-approved drug datasets, KEGG, and other chemical
databases, ensuring diverse representation of toxic and nontoxic
chemical space. The StackTox model was specifically trained
on the ToxBits dataset, comprising curated toxic and nontoxic
molecules. To enable unbiased evaluation, an independent valida-
tion dataset (ToxBits-Val) was constructed using external sources
such as Tox21 and human metabolite databases, ensuring no
overlap with the training data.

Each molecule is represented using a compact set of
physicochemical and topological descriptors calculated using
RDKit. These descriptors capture key molecular properties
including lipophilicity, polarity, molecular size, hydrogen-bonding
characteristics, topological connectivity, and functional group
composition, which are known to influence toxicity profiles.
The current implementation predicts overall toxicity classification
(toxic vs nontoxic), capturing signals associated with multiple tox-
icity endpoints such as hepatotoxicity, mutagenicity, and related
adverse effects through its diverse training data. StackTox employs
a stacked ensemble learning framework that integrates multiple
base classifiers, including RF, Support Vector Machine (SVM),
and Light Gradient Boosting Machine (LightGBM). The predic-
tions from these base learners are combined using a meta-classifier
(logistic regression) to generate the final toxicity prediction. This
ensemble approach improves generalization and predictive robust-
ness compared to individual models. The model performance

was evaluated using standard classification metrics, including
accuracy, precision, recall, F1-score, and area under the receiver
operating characteristic curve (ROC-AUC). The model demon-
strated strong predictive performance, achieving an AUC-ROC
of approximately 0.84 on the independent test set and ~0.72
on external validation datasets. The corresponding F1-score of
~0.76 further indicates balanced classification performance, sup-
porting the robustness of the model across diverse chemical
datasets. Benchmarking results further demonstrate that StackTox
achieves competitive performance compared to existing toxicity
prediction tools. The performance of the StackTox model across
cross-validation and independent test datasets is summarized in
Tables 2 and 3.

Within the Sanjeevini 3.0 workflow, StackTox serves as an
early-stage filtering step, allowing users to prioritize compounds
that satisfy both efficacy and safety criteria. The module is acces-
sible through the web platform and supports high-throughput
toxicity screening of large chemical libraries. The module can be
accessed at https://scfbio-iitd.res.in/StackTox/.

2.10. Chemical database (BIMP) integrated in
Sanjeevini 3.0

The in-house developed small molecule database available
in the Sanjeevini 3.0 suite is BIMP. BIMP consolidates detailed
information on 105,909 phytochemicals from 6,209 Indian medic-
inal plants. The plant list was compiled from major databases
and literature covering Ayurveda, Siddha, Unani, and other tra-
ditional systems of medicine. Taxonomic data were retrieved from
NCBI, and phytochemicals were curated from PubChem, IMM-
PAT [41], KNApSAcK [42], and additional sources, including
their chemical identifiers (InChI, SMILES).

For structure preparation, 2D SMILES strings were stan-
dardized using RDKit. Protonation states were assigned assuming
a physiological pH of 7.4 using RDKit’s built-in pKa model.
Chiral centers were retained as reported in the source databases;
when stereochemistry was missing or ambiguous, RDKit was
allowed to enumerate the most probable stereoisomers, after
which duplicates and chemically unstable forms were removed.

Table 2. Cross-validation performance of individual base classifiers (Random Forest, LightGBM,
and SVM) and the stacking ensemble model used in StackTox, reported as mean± standard deviation
across folds

Metric RF LGBM SVM Ensemble

AUC 0.832 ± 0.009 0.837 ± 0.008 0.810 ± 0.006 0.839 ± 0.008

Acc. 0.742 ± 0.019 0.745 ± 0.010 0.725 ± 0.010 0.751 ± 0.010

Prec. 0.713 ± 0.032 0.708 ± 0.015 0.682 ± 0.014 0.722 ± 0.016

Rec. 0.816 ± 0.030 0.834 ± 0.020 0.842 ± 0.011 0.820 ± 0.020

F1 0.760 ± 0.010 0.766 ± 0.008 0.754 ± 0.005 0.767 ± 0.008

Table 3. Performance of individual base classifiers and the stacking ensemble model on the
independent test dataset (N = 2698), evaluated using standard classification metrics

Metric Random Forest LightGBM SVM Stacking ensemble

AUC-ROC 0.841 0.844 0.821 0.846
Accuracy 0.75 0.743 0.725 0.755

Precision 0.726 0.714 0.68 0.735
Recall 0.801 0.812 0.85 0.799
F1-Score 0.762 0.76 0.756 0.765

Pdf_Fol io:606

https://scfbio-iitd.res.in/StackTox/


Medinformatics Vol. 00 Iss. 00 2026

Three-dimensional conformers were generated using RDKit,
followed by energy minimization with Balloon [43]. Physicochem-
ical properties were computed with RDKit, and drug-likeness
was assessed using standard filters (e.g., Lipinski and Veber
rules).

BIMP also captures phytochemical-disease-gene associations,
including over 30,000 phytochemical-disease links and hundreds
of thousands of gene-target correlations. The web interface allows
searching by plant name, family, BIMP ID, or physicochemi-
cal attributes, with integrated 2D/3D visualization. By combining
curated phytochemical information with multiple screening and
search capabilities, BIMP provides a comprehensive resource to
support phytochemical-based drug discovery.

2.11. Monte Carlo-based docking protocol
(ParDOCK+)

In instances where the binding cavity within the tertiary
protein structure is already established, and comprehensive infor-
mation regarding customized ligand molecules is at hand, the
virtual screening step at the subsequent entry point may be
bypassed. Instead, atomic-level docking and scoring of the tailor-
made/selected ligands can be seamlessly executed through the
pipeline, leveraging the ParDOCK+ module. It is noteworthy
that this module operates in a fully automated, parallel pro-
cessing mode for enhanced efficiency. ParDOCK+ specializes in
conducting all-atom energy-based docking. It employs a Monte
Carlo-based configurational search approach to ascertain the
optimal ligand location and orientation within the active site.
ParDOCK+ represents an improved version of the original Par-
DOCK module. This enhanced version has been equipped with
specialized parameters to accommodate non-metallo and metal-
loprotein–ligand complexes. It incorporates specific parameters
designed for ions such as Ca2+, Fe2+, Mg2+, Mn2+, and Zn2+
[44–46], thus broadening its utility for a wider range of molec-
ular interactions. Within the domain of protein systems, several
methodologies exist for modeling metal ions. Notable examples
include the bonded model, nonbonded model, and the cationic
dummy atom model [47]. The bonded model effectively addresses
interactions between metals and ligands by specifying covalent
bonds. Within this model, the potential energy function metic-
ulously considers explicit bond and angle factors to precisely
determine the associations between the metal and the atoms con-
stituting the protein and ligand. However, it is important to
note that this model is not without its limitations. It lacks the
capability to replicate variations in coordination number and
ligand exchange processes. Furthermore, it imposes restrictions
on the overall conformational flexibility of the metal binding
site. The cationic dummy model employs covalent bond the-
ory to describe the interactions between the metal ion and the
neighboring residues. This is achieved by assigning appropriate
partial atomic charges and establishing a complex electrostatic
force field. It is important to note that this method, owing to
its reliance on a significant number of empirical parameters,
demands a meticulous and sophisticated parameterization pro-
cess. To circumvent the conformational limitations associated
with the bonded model and the intricate parametrization process
required by the cationic dummy model, an alternative nonbonded
model has been incorporated into ParDOCK+. This nonbonded
model includes electrostatic, van der Waals, and hydropho-
bic characteristics for the metal ion [48]. However, nonbonded
models also come with their own set of limitations. Notably,
they struggle to adequately account for the strong electrostatic

interactions exhibited by divalent metal ions within the frame-
work of the nonbonded model. ParDOCK+ ascertains the eight
most favorable ligand poses within the binding cavity of the target
protein. Following this, a minimization process consisting of 2500
steps is applied to the complex. Additionally, work is currently
in progress to extend the docking module with machine learning
and deep learning-based flexible docking capabilities.

2.12. Binding affinity estimation (BAPPL+)

The scoring module serves as the next stage in the work-
flow, where docked protein–ligand complexes are utilized to
estimate binding affinity within the active site. The prioritization
of minimized complexes is performed using the BAPPL+ scoring
function, which provides the top-ranked ligand poses generated
by the ParDOCK+ module.

BAPPL+ is a computationally efficient scoring method
designed for both non-metallo and metalloprotein–ligand sys-
tems. The method estimates binding free energy by integrating
key physicochemical interaction components, including electro-
static (ΔEele), van der Waals (ΔEvdw), hydrophobic (ΔEhyp), and
conformational entropy (−TΔSconf) contributions.

The predicted binding free energy is given by:ΔG∘pred = ΔEele + ΔEvdw + ΔEhyp – TΔSconf (1)

where ΔEele represents electrostatic interactions, ΔEvdw
accounts for van der Waals forces, ΔEhyp corresponds to
hydrophobic interactions, and TΔSconf denotes the loss of con-
formational entropy upon ligand binding. A key advantage
of BAPPL+ is its ability to accurately model metallopro-
tein–ligand interactions through the incorporation of parameters
for commonly occurring metal ions, including Zn²⁺, Mg²⁺, Ca²⁺,
Mn²⁺, and Fe³⁺. This enables improved prediction accuracy
for metal-containing binding sites, which are often challenging
for conventional scoring functions. In addition, BAPPL+ inte-
grates a machine learning-based regression model to enhance
predictive performance. In this work, an RF algorithm is
employed to capture nonlinear relationships between molecular
descriptors and binding affinity, improving generalization across
diverse protein–ligand systems. The performance of BAPPL+ has
been evaluated using benchmark datasets, demonstrating strong
agreement with experimental binding affinities, with a Pearson
correlation coefficient of approximately 0.76. The module can be
accessed at https://scfbio-iitd.res.in/bappl+/.

2.13. Molecular dynamics simulations

Molecular dynamics (MD) simulations are recommended as
a downstream analysis step following docking to move beyond
static protein–ligand structures and assess dynamic stability
and ensemble-averaged properties. MD allows users to exam-
ine whether a docked ligand remains stably bound over time, to
capture conformational flexibility of the protein–ligand complex,
and to account for explicit solvent, salt, and temperature effects.
Such dynamic evaluation provides a more realistic description
of binding behavior compared to single-structure docking scores.
MD trajectories generated by users can be further analyzed using
post facto free-energy methods, including MMGBSA, MMPBSA
[49, 50], and MMBAPPL+, enabling estimation of binding
free energies as ensemble averages. These analyses can be
used to assess improvements in ranking and correlation with
experimentally reported binding affinities, thereby providing
thermodynamically informed validation of docking results.
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Table 4. Contextual comparison of Sanjeevini 3.0 machine learning and docking-based modules with representative state-of-the-art
tools. Reported metrics are taken from respective literature sources and may not be directly comparable due to differences in datasets,
evaluation protocols, and computational environments

Category Tool name Method
Key metric
(accuracy)¹ Hardware

Screening time (per one
million compounds)

SEARCH-ML ML Ensemble
(CPU-Optimized)

0.72 CPU ~0.15 min (10 s)

RASPD+ ERF, RF, DNN,
KNN, SVR,
eSVR, LR

0.52 CPU ~30 min

GraphDTA [51] Graph Neural
Network

0.67 GPU ~45 min

KDEEP [52] 3D Convolutional
Neural Network

0.67 GPU ~90 min

ML/DL-
based(regression)

OnionNet-2 [38] 3D Convolutional
Neural Network

0.74 GPU N/A

DeepDock [53] Deep Neural
Network (CNN)

AUPR = 0.382 GPU N/A

ML/DL-based
(classifier) Deep Docking

(D2) [54]
DL-QSAR
(Docking
Accelerator)

EF = ~6000x2 GPU N/A

The simulations can be carried out using the computing
resources available at the SCFBio, IIT Delhi. Commonly used
MD packages such as AMBER, GROMACS, and NAMD are
already installed on the system, and users can run simulations for
up to 360 h.

A benchmarking summary of the machine learning and
docking modules, including the methods used, accuracy metrics,
hardware configuration, and screening time in comparison with
existing tools, is provided in Table 4.

Overall, the Sanjeevini 3.0 website provides users with sample
input files and comprehensive online tutorials for each entry point.
Users have the option to use default or customized settings. Each
query is assigned a unique Job ID, which can be used to access
results or check the job status.

3. Results and Discussion

3.1. Validation of the docking and scoring modules

To appraise the docking and scoring processes, the PDBbind
database furnishes specialized datasets encompassing complexes
distinguished by experimentally verified binding affinities. For
the validation of ParDOCK+, a dataset comprising 483 non-
metalloprotein complexes was selected. These complexes were
chosen based on their availability in the refined data of PDBbind,
with known binding affinities for reference. The selection of these
complexes was conducted randomly regarding protein families,
yet with a key criterion being well-resolved structures, all of which
exhibit a resolution of less than 3.0 Å. The selected proteins and
ligands were downloaded from the RCSB Protein Data Bank. The
evaluation of the performance of ParDOCK+ was based on the
comparison of experimental and predicted binding affinities as
well as the root mean square deviation (RMSD) of the structure
between the experimental and top-docked complex. The valida-
tion dataset for non-metalloproteins, featuring PDB IDs along
with experimental and projected binding free energies, as well
as RMSD values, is lucidly detailed in Supplementary Table S1.
It is worth noting that through this protocol, an impressive

correlation of r = 0.812 has been established between the predicted
and experimental binding affinities, as illustrated in Figure 4(A).
The average RMSD value, indicating the disparity between exper-
imental and docked complexes, stands at 0.39 Å. Approximately
176 complexes exhibit predicted binding energies that deviate by
more than 2 kcal/mol. The range of rest is from 2 to 0. There are
168 complexes in total with experimental value deviations below
1 kcal/mol, as depicted in Figure 5(A).

For validating metalloprotein complexes involving any of
the five ions (Ca2+, Fe2+, Mg2+, Mn2+, and Zn2+), an exten-
sive dataset comprising a total of 1157 such complexes was
obtained from the RCSB database. This dataset includes diverse
categories, namely, 352 calcium-containing metalloproteins, 19
iron-containing metalloproteins, 245 magnesium-containing met-
alloproteins, 41 manganese-containing metalloproteins, and 500
zinc-containing metalloproteins. The correlation coefficients
between predicted and experimental binding affinities for metallo-
protein–ligand compounds are as follows: 0.740 for Ca2+, 0.520
for Fe2+, 0.720 for Mg2+, 0.716 for Mn2+, and 0.753 for Zn2+,
as visually represented in Figure 4. Table 5 provides a detailed
presentation of key metrics, including the RMSD measuring
structural alignment between the experimental and top-docked
complex, the disparity between predicted and experimental affini-
ties, and the calculated average deviation value. Figure 5 illustrates
a prominent pattern of deviation, predominantly observed in
cases of either very high affinity (exceeding 11 kcal/mol) or very
low affinity (below 4 kcal/mol). Notably, the affinity prediction
demonstrates a much higher degree of accuracy within the 4–10
kcal/mol range. The validation dataset for metalloproteins, fea-
turing PDB IDs along with experimental and projected binding
free energies, as well as RMSD values, is given in Supplementary
Table S2.

The duration of execution per job was meticulously moni-
tored, utilizing an 8-processor Intel(R) Xeon(R) cluster, encom-
passing a dataset of 1712 complexes. The comprehensive analysis
reveals an average runtime of 6.29 min. It is noteworthy that
the CPU runtime exhibits variability, ranging between 2 and 13
min, with primary dependence on the dimensions of the ligand
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Figure 4. Correlation between predicted and experimental binding affinities for (A) non-metalloprotein–ligand complexes, (B) Ca2+
containing metalloprotein–ligand complexes, (C) Fe2+ containing metalloprotein–ligand complexes, (D) Mg2+ containing metallo-
protein–ligand complexes, (E) Mn2+ containing metalloprotein–ligand complexes, and (F) Zn2+ containing metalloprotein–ligand
complexes
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Figure 5. Deviation of predicted binding energies from experimental values plotted against experimental binding energy (kcal/mol)
for (A) non-metalloprotein–ligand complexes, (B) Ca2+ containing metalloprotein–ligand complexes, (C) Fe2+ containing metallopro-
tein–ligand complexes, (D) Mg2+ containing metalloprotein–ligand complexes, (E) Mn2+ containing metalloprotein–ligand complexes,
and (F) Zn2+ containing metalloprotein–ligand complexes
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Table 5. Validation summary of metalloprotein–ligand complexes for different metal ions, reporting structural accuracy (RMSD),
deviation of predicted binding affinities from experimental values, and average error (kcal/mol)

Metal ions in protein
Average
RMSD

Number of complexes deviating
by more than 2 kcal/mol from
experimental binding energies

Number of complexes deviating
by less than 1 kcal/mol from
experimental binding energies

Average deviation
(in kcal/mol)

Ca2+ 0.407 107 135 1.59

Fe2+ 0.390 6 6 1.62

Mg2+ 0.409 81 82 1.57

Mn2+ 0.382 12 20 1.38

Zn2+ 0.563 124 213 1.38

Figure 6. CPU runtime distribution for complexes

molecule. The runtime for most of the complexes falls within the
4–6-min range, as visually represented in Figure 6. Conversely,
the size of the protein molecule exerts a comparatively mini-
mal influence on the runtime of ParDOCK+. It is imperative to
acknowledge that the actual runtime may experience variations
based on the availability of free server nodes.

3.2. Validation of complete pipeline with
FDA-approved drugs

The Sanjeevini 3.0 pipeline was validated for cancer,
heart, lung, tumors, autoimmune, neurological, genetic, and
bacterial and viral infections. The selected targets are not con-
sistently distributed among disease groups, as inclusion was
mostly based on the availability of high-resolution protein struc-
tures with co-crystallized ligands in the PDB. For this, 120

FDA-approved drugs and 126 pharmacologically active targets
were carefully coupled to create 194 protein–ligand complexes for
research and evaluation. The RCSB database provided experimen-
tally generated PDB structures of target proteins. Additionally,
FDA-approved drugs associated with these target proteins were
acquired from the DrugBank [28] and PubChem databases
[55, 56] in 3D format. Tertiary protein structures were fed to the
active site prediction program, which identified probable bind-
ing holes in 30 s using physicochemical parameters. The top 10
binding cavities of each target were then virtually tested against
an FDA-approved pre-parameterized RASPD+ module library.
One active site of the target protein can be screened against an
FDA-approved library in 1 min to determine ligand–target pro-
tein binding affinity. RASPD+ predicts target protein hits well
despite its computational speed. The FDA-approved medications
associated with the input target proteins were usually filtered
out as hits with good binding affinities (Figure 6). The protein
and drug tertiary structures were submitted to ParDOCK+ with
default parameters to determine drug molecule positions in the
binding pocket. Depending on receptor and drug candidate size,
this upgraded ParDOCK+ module completed docking operations
in 2–13 min. In 1 min, the BAPPL+ module prioritized drug
poses. To classify FDA-approved medications as hit molecules,
we examined their rank and energy values. Rediscovery was the
identification of the FDA-approved medicine that matches a tar-
get among the top-ranked projected candidates based on binding
energy (BAPPL+ score) and ranking criteria after docking. The
rediscovery percentage was the ratio of known drug–target pairs
found to evaluated complexes. After docking, complexes with
binding energies above −5 kcal/mol were deemed non-hits (Table
S3). Because docking scores over this range imply weak bind-
ing, this cutoff was used. It easily separates likely binders from
non-binders. Figure 7 shows that Sanjeevini 3.0 modules found

Figure 7. A histogram plot showing hits (true positives) and non-hits (true negatives) for various diseases using a cutoff of −5 kcal/mol
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previously known hit compounds for the target protein in 90%
of cases. This strong result proves the software suite’s accuracy
and reliability. This retrospective evaluation validates, but it is
based on known drug–target connections and may not accurately
predict future performance.

Structure-based drug discovery procedures require success-
ful rediscovery of known ligands as a validation requirement,
which matches these results. The strong integrated screen-
ing, docking, and scoring system allows Sanjeevini 3.0 to
identify 90% of FDA-approved medications. The new San-
jeevini framework includes machine learning-based screening,
enhanced metalloprotein–ligand interaction treatment, and early-
stage toxicity evaluation, overcoming various drawbacks of
previous implementations. These improvements coincide with
recent CADD advancements that use hybrid physics-based
and data-driven approaches to improve forecast accuracy and
scalability.

Sanjeevini 3.0 integrates physics-based potentials with
advanced machine learning techniques to provide practically
all protein-targeted drug design modules. In addition to ML-
augmented screening, docking, and scoring, this edition includes
a web-accessible toxicity prediction module for early-stage small
molecule safety assessment before downstream screening. The
usability-optimized platform lets researchers undertake sophisti-
cated computational procedures with minimal technological over-
head while assuring methodological consistency through curated
chemical libraries. When tested against non-metalloprotein–ligand
complexes, the pipeline correlated above 0.812 with experimental
binding energies. This paradigm is based on translational rele-
vance; prior versions were used to uncover antiviral inhibitors
for viral proteases, hepatitis B, and chikungunya, cancer targets,
antimalarial lead optimization, and neurological enzymes [6].

The existing framework has limits despite its outstand-
ing performance. The literature-reported performance metrics
used to compare methods may not be directly benchmarking
under identical datasets and computational conditions. Therefore,
these comparisons should be interpreted in a broader contex-
tual framework rather than as strict head-to-head evaluations.
The system uses static protein structure docking and scoring,
which may not capture conformational flexibility and dynamic
binding effects. MD simulations are indicated as a downstream
step but not yet in the automated pipeline. The diversity and
quality of training datasets affect the performance of machine
learning-based screening modules, which may affect generaliza-
tion to novel chemical spaces. Current computational models
use approximations to treat metalloprotein–ligand interactions,
despite improvements. The StackTox module only classifies
binary toxicity and does not resolve individual endpoints. These
constraints suggest methodological improvements.

4. Conclusion

Sanjeevini 3.0’s validation results show that it can
dependably identify promising lead compounds and rediscover
FDA-approved target protein medicines, enabling its use in
structure-based drug discovery workflows. The platform pri-
oritizes candidate compounds efficiently and methodically by
merging machine learning-based screening, physics-based dock-
ing and scoring, extended chemical libraries, and early-stage
toxicity prediction. This work improves metalloprotein–ligand
interactions, data-driven screening, and pharmacokinetic and
safety filtering in Sanjeevini, addressing several limitations of pre-
vious implementations. Sanjeevini 3.0 is a comprehensive and

computationally efficient platform for conventional and data-
driven drug development, helping molecular insights become
candidate treatments. For detailed user manuals on modules and
workflows, see https://scfbio-iitd.res.in/Sanjeevini/User-Mannuals.
php.
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[52] Jiménez, J., Škalič, M., Martínez-Rosell, G., & De Fabri-
tiis, G. (2018). kdeep: Protein–ligand absolute binding affinity
prediction via 3d-convolutional neural networks. Journal of
Chemical Information and Modeling, 58(2), 287–296. https://
doi.org/10.1021/acs.jcim.7b00650

[53] Liao, Z., You, R., Huang, X., Yao, X., Huang, T., & Zhu,
S. (2019). Deepdock: Enhancing ligand-protein interaction
prediction by a combination of ligand and structure informa-
tion. In 2019 IEEE International Conference on Bioinformatics
and Biomedicine (BIBM), 311–317. https://doi.org/10.1109/
BIBM47256.2019.8983365

[54] Gentile, F., Agrawal, V., Hsing, M., Ton, A.-T., Ban, F.,
Norinder, U., . . . , & Cherkasov, A. (2020). Deep docking:
A deep learning platform for augmentation of structure based
drug discovery. ACS Central Science, 6(6), 939–949. https://
doi.org/10.1021/acscentsci.0c00229

[55] Kim, S., Chen, J., Cheng, T., Gindulyte, A., He, J., He, S., . . . ,
& Bolton, E. E. (2023). PubChem 2023 update. Nucleic Acids
Research, 51(D1), D1373–D1380. https://doi.org/10.1093/nar/
gkac956

[56] Kim, S., Chen, J., Cheng, T., Gindulyte, A., He, J., He, S., . . . ,
& Bolton, E. E. (2021). PubChem in 2021: New data content
and improved web interfaces. Nucleic Acids Research, 49(D1),
D1388–D1395. https://doi.org/10.1093/nar/gkaa971

How to Cite: Chaurasia, D. K., Sharma, A., Mishra, M., Kesharwani, A.,
Anjum, R., Shekhar, S., …, & Jayaram, B. (2026). Sanjeevini 3.0: An Enhanced
Comprehensive Automated Web Server for Computer-Aided Drug Design.
Medinformatics. https://doi.org/10.47852/bonviewMEDIN62028879

Pdf_Fol io:15 15

https://doi.org/10.1021/acs.jpcb.4c06614
https://doi.org/10.1021/acs.jpcb.4c06614
https://doi.org/10.1093/bioinformatics/btaa921
https://doi.org/10.1093/bioinformatics/btaa921
https://doi.org/10.1021/acs.jcim.7b00650
https://doi.org/10.1021/acs.jcim.7b00650
https://doi.org/10.1109/BIBM47256.2019.8983365
https://doi.org/10.1109/BIBM47256.2019.8983365
https://doi.org/10.1021/acscentsci.0c00229
https://doi.org/10.1021/acscentsci.0c00229
https://doi.org/10.1093/nar/gkac956
https://doi.org/10.1093/nar/gkac956
https://doi.org/10.1093/nar/gkaa971
https://doi.org/10.47852/bonviewMEDIN62028879

	Sanjeevini 3.0: An Enhanced Comprehensive Automated Web Server for Computer-Aided Drug Design
	Introduction
	Materials and Methods
	Overview of the Sanjeevini 3.0 workflow
	Integration of pipeline modules
	Assignment of atomic charges using assign atomic charge tool
	Active site prediction (AADS)
	Ligand and cavity volume calculator
	High-throughput virtual screening tool (RASPD+)
	Enhanced high-throughput virtual screening and reverse virtual screening tool (SEARCH-ML)
	Drug-likeness filter and Wiener index calculator
	StackTox for toxicity prediction of small molecules
	Chemical database (BIMP) integrated in Sanjeevini 3.0
	Monte Carlo-based docking protocol (ParDOCK+)
	Binding affinity estimation (BAPPL+)
	Molecular dynamics simulations

	Results and Discussion
	Validation of the docking and scoring modules
	Validation of complete pipeline with FDA-approved drugs

	Conclusion


