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ARTICLE INFO ABSTRACT

Keywords: Molecules with potent anti-leishmanial activity play a crucial role in identifying treatments for leishmaniasis and

Leishmania aiding in the design of novel drugs to combat the disease, ultimately protecting individuals and populations.

Ig’IOIec“le Various methods have been employed to represent molecular structures and predict effective anti-leishmanial
rugs

molecules. However, each method faces challenges and limitations that must be addressed to optimize the
drug discovery and design process. Recently, machine learning approaches have gained significant importance in
overcoming the limitations of traditional methods across various fields. Therefore, there is an urgent need to
build a computational pipeline using advanced machine learning and deep learning methods that help to predict
anti-leishmanial activity of drug candidates. The proposed pipeline in this paper involves data collection, feature
extraction, feature selection and prediction techniques. This review presents a comprehensive computational
pipeline for anti-leishmanial drug discovery, highlighting its strengths, limitations, challenges, and future di-
rections to improve treatment for this neglected tropical disease.

Machine learning
Deep learning

1. Introduction

Leishmaniasis is a parasitic disease caused by a parasitic organism of
the genus Leishmania and transmitted to humans by infected female
sandflies. Leishmaniasis is a serious threat to the health of hundreds of
thousands of people worldwide, especially in tropical and subtropical
regions. The World Health Organization estimates that there are about
700,000-1 million new cases and more than 20,000-30,000 deaths each
year. The disease has three clinical manifestations: visceral leishmani-
asis, cutaneous leishmaniasis and mucocutaneous leishmaniasis. The
nature and outcome of each leishmaniasis varies.

Visceral leishmaniasis is the most dangerous because it has a 95 %
mortality rate once it is incurable. Visceral leishmaniasis is a systemic
infection characterized by fever, weight loss, splenomegaly and hepa-
tomegaly (Roatt et al., 2014). Even when treated, the mortality rate may
be as high as 10 % in endemic areas due to late diagnosis and the
development of drug resistance. On the other hand, although cutaneous
leishmaniasis is not fatal, it is highly prevalent because of the develop-
ment of disfiguring skin lesions that lead to social stigma and reduced
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quality of life (Abadias-Granado et al., 2021). Mucosal leishmaniasis,
although rare, can severely damage oral and nasal tissues, leading to
long-term disability (Alvar et al., 2012). Scientists are working to
develop drugs or treatments that not only cure leishmaniasis, but also
reduce serious health consequences (Knight et al., 2023; Okwor and
Uzonna, 2016). This will help reduce the burden on patients and com-
munities, especially in areas where leishmaniasis is widespread and
poses a major public health challenge.

In this regard, there are various approaches to screen molecules for
potent anti-leishmanial activity. One of these approaches consists of in
vitro studies, which are the basic method for assessing the direct action
of a molecule against Leishmania protozoa or other diseases such as
Alzheimer’s disease under controlled conditions, targeting both the
intracellular and extracellular stages of the parasite (Upegui Zapata
et al., 2020; Zhang et al., 2024). For example, the ability of miltefosine
to kill Leishmania protozoa and inhibit intracellular non-protozoa in
in-vitro assays has been extensively studied (Pérez-Victoria et al., 2006).
Another example is amphotericin B, which has been evaluated for its
activity against Leishmania braziliensis and Leishmania donovani (Purkait
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etal., 2012). More commonly used high-throughput techniques are drug
susceptibility testing and cell viability assays, which are useful for
identifying potential inhibitors that target specific enzymes or pathways
in parasites (Mirza et al., 2011). These studies provide the necessary
preliminary data on the cytotoxicity and efficacy of drug candidates.
However, in vitro experiments have limitations as they occur in isolated
systems, are not physiologically relevant, do not depict the full
complexity of the immune system, and do not demonstrate the entire life
cycle of an organism (Shi et al., 2019). In addition, such studies are
resource-intensive and time-consuming, requiring the screening of large
libraries of compounds, which may take weeks or months to complete,
and therefore require specialists and technical equipment.

In contrast, In-vivo studies use animal model’s like hamsters or mice
to simulate human disease offering insights into the pharmacokinetic,
pharmacodynamics and systemic effects of prospective therapies
(Ruggeri et al., 2014; Li et al., 2024; Yin et al., 2024; Bulté et al., 2021).
For instance, miltefosine, which has been tested in mice models to assess
its impact on Leishmania infantum and its ability to modulate immune
responses. These studies help assess host-pathogen interactions, immune
responses, and overall therapeutic potential (Yardley and Croft, 2000).
Another example is liposomal amphotericin B has shown reduced
toxicity and improved efficacy compared to conventional amphotericin
B formulations when tested in L. donovani infected hamsters (Colby
et al., 2017). However, In-vivo studies come with several challenges:
First In-vivo studies are costly and ethically challenging due to concerns
about animal welfare and the repeated infections and treatments
required. Second, these studies are complex, long study duration,
requiring specialized facilities and careful monitoring, sometimes
exhibiting variable outcomes due to differences in animal models
(Andersen and Winter, 2019; Francesconi et al., 2023). Third, In-vivo
studies provide crucial data on how therapies carry out in a living or-
ganism and help bridge the gap between In-vitro real-world therapeutic
outcomes and efficacy.

Computational methods such as QSAR (Quantitative Structure-
Activity Relationship) modelling and molecular docking allow over-
coming in vitro and in vivo data gaps (Cunningham and Fairlamb,
1995). To understand anti-leishmanial activity, QSAR modelling has
been performed for many types of leishmanial compounds: Imidazole
derivatives have been analyzed based on their lipophilicity as well as
functional groups, such as nitroxides and halogens. The results of these
analyses have been used to predict the activity of analogues of this class
of compounds against L. major (Beverley et al., 1986). Molecular dock-
ing studies have identified potential inhibitors of Leishmania protozoa
enzymes, such as tryptic thioredoxin reductase and thymidylate syn-
thase, which are involved in parasite oxidative stress management and
DNA(Deoxyribonucleic Acid) synthesis, respectively (Sebastian-Pérez
et al., 2022; Turcano et al., 2018). Following this, researchers evaluated
the efficacy of platinum or copper-based molecular organometallic
complexes against L. donovani and linked the ligands structure and metal
coordination to the inhibitory effect of the parasite. The substitution
pattern of methoxy or hydroxyl groups in naphthoquinone derivatives
was also investigated for their activity against L. infantum (Majumder
et al., 2023). Virtual screening has also been used to identify potential
anti-Leishmania compounds by screening large libraries of molecules for
their ability to bind to important enzymes in Leishmania. For instance,
screening can identify inhibitors of Leishmania thioredoxin reductase,
dihydrofolate reductase thymidylate synthase, or Leishmania protease,
such as cyclic peptides targeting cathepsin L (Seifert, 2011). This
method helps quickly pinpoint promising drug candidates that can
disrupt essential parasite functions to accelerates the drug discovery
process.

An integrated approach of in vitro screening, in vivo validation, and
the use of computational tools like molecular docking and QSAR is one
of the best approaches with which to seek new compounds with anti-
Leishmanial activity, and therapeutically, they would have very high
potential (Bora et al., 2023; Rabaan et al., 2023; Ferreira et al., 2015;
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Agu et al., 2023). Hence, this multiple approach will give better speed in
the discovery of promising candidates for drugs due to exploiting the
synergistic strengths of experimental techniques and in silico tools
(Ferreira et al., 2015; Wishart et al., 2008). However, the combined
approach also has some degree of limitations. Experimental testing on a
large compound library is laborious, time-consuming, and costly. Ani-
mal testing was ethically problematic and not directly translatable into
the human setting (Kim et al., 2016). Computational techniques are only
as good as the data used as input. Docking and QSAR are predictions that
must be confirmed experimentally. There are difficulties, disadvantages,
and challenges with all these techniques, which should not be
underestimated.

The aforementioned methods highlight several challenges, particu-
larly in data preparation, which can be both time-consuming and com-
plex. New researchers in this era face difficulties in accessing
appropriate models and formatting data for effective prediction and
analysis. Therefore, this review article provides a comprehensive over-
view of data representation techniques, along with their limitations and
challenges. It also presents models that facilitate easier access to specific
types of data, enabling more efficient and accurate analysis. This review
also categorizes various machine learning and deep learning methods,
highlighting their limitations and suggesting future research directions
to overcome existing challenges and enhance predictive performance.

2. Anti-leishmania molecular prediction computational pipeline

The Leishmaniasis molecular prediction pipeline consisting of
several steps: initially, collects molecular data from public databases
such as DrugBank (Zdrazil et al., 2024), PubChem (Baranwal et al.,
2019), and ChEMBL (Shah et al., 2024), which provide comprehensive
information about anti-leishmaniasis molecules, their biological activ-
ities, and molecular structures. Subsequently, molecular data are then
represented using descriptor methods, graph-based representations, or
molecular fingerprints to convert the chemical structure into a numer-
ical format compatible with machine learning models (Yang et al., 2022;
Shah et al., 2022; Liu et al., 2024). Next, feature selection is performed
to select relevant chemical and pharmacological features to improve
model performance and reduce dimensionality (Sifontes-rodriguez
et al.). Then, various machine learning methods, such as support vector
machines, random forests, gradient boosting, and deep learning models,
have been applied to develop predictive models for molecular features
related to anti-leishmanial activity. Afterwards, model parameters are
optimized by grid search or random search to adjust hyper parameters
such as depth, learning rate, or regularization. Finally, model validation
is performed using cross-validation and evaluation metrics such as ac-
curacy, precision, recall, f1-score, AUPR and AUROC to ensure that the
model generalizes well to unseen data enabling the identification of
promising molecules for further experimental testing and optimization.
The overall process is shown in Fig. 1, and discussed in detail in the
coming subsections, where each step of the pipeline will be thoroughly
explained.

2.1. Data curation

Data curation for machine learning begins with data collection,
where compound data is extracted from sources like PubChem
(Baranwal et al., 2019), such as caffeine, represented by its SMILES
string CN1C=NC2 =C1C(=0)N(C(=0)N2C)C and molecular weight.
The next step is data cleaning, which involves correcting malformed
SMILES strings or filling in missing values. In the data organization
phase, the data is structured into tables that list compounds, molecular
weights, and activity scores. Feature engineering follows, where rele-
vant descriptors, such as molecular weight and logP, are calculated and
selected for predicting enzyme inhibition. During data combination,
data from sources like (Zdrazil et al., 2024) or PubChem (Baranwal
et al., 2019) is integrated, incorporating additional biological activity
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Fig. 1. Workflow for predicting anti-Leishmanial molecules.

information to ensure compatibility with existing datasets. Data trans-
formation prepares the data by coding categorical variables and scaling
numerical features, e.g., converting chemical categories to single-click
coding vectors. Data validation involves cross-checking a sample of
data entries against the original data source to ensure accuracy and
consistency. Finally, data storage and access entailed saving the collated
dataset to a CSV file and documenting the collation process for future
use. Throughout the data collation process, the database played an
important role in providing the structured and detailed data necessary
for accurate analysis and informed decision-making.

2.1.1. Molecule databases

In drug discovery for leishmaniasis, several general data resources
play a pivotal role, including PubChem (Baranwal et al., 2019), Drug-
Bank (Zdrazil et al., 2024), BindingDB (Shah et al., 2023) and ChEMBL
(Shah et al., 2024), which provide extensive databases of drug-target
interactions, bioactivity data and chemical compounds. These plat-
forms are commonly used for QSAR modeling,drug repurposing, drug
delivery, and virtual screening allowing researchers to identify potential
drug candidates that could be efficient against Leishmania
(Anuntasomboon et al., 2024). In addition, resources like the BindingDB
and Protein Data Bank (PDB) provide binding affinity and structural
data, essential for modeling drug target interactions, while Kyoto
Encyclopedia of Genes and Genomes (KEGG) offers metabolic pathway,
metabolic modules data to understand how drugs interact within the
parasites biological systems (Doyle et al., 2009). These databases serve
as important starting points for discovering new treatments or repur-
posing drugs for leishmaniasis.

There are also various specialized data resources related to leish-
maniasis research. The Leishmania Genome Project provides genomic
data to help study drug resistance and identify new drug targets (Ochoa
et al., 2016), while the LeishCyc database (Maeda, 2015) provides
metabolic pathway data for Leishmania species. The Leishmania drug
screening dataset (DSD) brings together molecular bioactivity data
tested against Leishmania, thus providing a collated resource for drug
efficacy studies (Breslin and Pham, 2023). The data contained herein are
complementary to other broader drug discovery resources and provide
the basis for complex computational methods to identify effective
treatments for leishmaniasis.

2.1.1.1. Challenges in accessing and extracting data. This includes
incomplete or incorrect information, such as missing SMILES strings,
incorrect bioactivity annotations, etc. Other issues include data overlap
in most databases; this makes unique screening of compounds cumber-
some (O’Boyle et al., 2011). Another challenge is inconsistent use of
data formats, as different databases have their own formats and naming
conventions. This complicates the process of integrating information
from different sources. In addition, unambiguously identifying

molecules associated with leishmaniasis can also be challenging, as
many compounds are annotated as having broad anti-parasitic activity
but are not associated with a specific disease.

2.1.1.2. Solutions to overcome challenges. These will require a good data
cleaning pipeline to correct incorrectly formatted SMILES strings,
remove duplicate data, and cross-validate molecular properties against
multiple sources to further improve quality. This may also involve the
use of RDKit (Gaulton et al., 2012) and Open Babel (Hu et al., 2022),
which help to convert molecular characterization into a consistent
format compatible with different platforms. These machine learning
algorithms classify and annotate compounds based on biological activity
and disease relevance, thus reducing manual sorting efforts. Finally, a
disease-specific database has been developed to improve the relevance
and reliability of leishmaniasis research by integrating collated data
from general repositories such as ChEMBL and literature sources (Zhu
et al., 2023; Shah et al., 2024).

2.2. Molecular representation

Molecular representations are methods of representing the proper-
ties and structures of molecules. These formats are necessary in the fields
of biochemistry, chemistry, pharmacology and related fields as they help
in predicting chemical reactions, understanding the behavior of mole-
cules, designing drugs, etc. In the case of leishmaniasis, Covid-19 and
leukemia or kind of diseases, molecular representation refers to the
display of molecules in various formats that may be required for drug
development or related research (David et al., 2020; Mercado-Camargo
et al., 2020). From one-dimension SMILES strings to multi-dimensional
representations the molecular structure is illustrated in Fig. 2. With the
power of molecular representations and computational techniques,
significant progress can be made in addressing this neglected tropical
disease (Soiza et al., 2018).

2.2.1. One dimensional sequence representation

One dimensional representations typically consist of sequences of
characters that correspond to the linear arrangement of atoms or func-
tional groups within a molecule, simplifying the depiction of complex
molecular structures (Tegazzini et al., 2016). SMILES strings are an
example of one-dimensional representation, providing a useful way to
represent the structure of small molecules in a linear, text-based form. It
is an extremely short ASCII string notation that describes the atom and
bond arrangement in a molecule. Therefore, it became very useful in
computational processing (Robles-Loaiza et al, 2021). In
anti-Leishmanial research, SMILES strings are used for high-throughput
virtual screening as they enable the rapid assessment of the structural
features of thousands of compounds (Soni and Pratap, 2022). Encoding
molecules as SMILES strings allows for rapid prediction of toxicity and
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Fig. 2. Representation of drug molecules for analysis.

efficacy in drug candidates. In drug optimization and design, SMILES
strings are integrated into chemoinformatics software, enabling modi-
fications to enhance a molecules effectiveness against the Leishmania
parasite or minimize its side effects (Cui et al., 2014). The SMILES
strings of molecules serve as inputs for machine learning methods to
predict various molecular properties and aid in the discovery of new
anti-Leishmanial molecules (Zheng et al., 2024).

Amino acid sequence is another example of one dimensional
sequence representation. Every protein consists of a linear chain of
amino acids and the sequence of these amino acids determines the
proteins structure and function (Brannigan and Wilkinson, 2021;
Sasidharan and Saudagar, 2020). Amino acid sequences are used for
Leishmania proteins in anti-leishmanial research to pick up possible drug
targets (Duncan et al., 2011). For instance, the Leishmania genomics
sequence has revealed a number of MAPK genes and they are homolo-
gous across species of the parasite. The identified sequences can be used
to model protein’s structure and screen for potential inhibitors. Such
natural compounds as chrysin and genistein have been identified as
potential inhibitors of Leishmania MAPK4 by means of docking simula-
tions and homology modelling. So, one dimensional representations of
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amino acid sequences form the foundation for the development of drugs
and therapeutic proteins based on peptides that greatly help to treat
Leishmaniasis (Abdelkrim et al., 2022). All kinds of one dimensional
representations are shown in Fig. 3.

Categorical features of anti-Leishmanial molecules, like molecular
subtype or binding site classification, etc, can be captured using one-hot
encoding. In this approach, each category has been translated to a vector
of binary numbers, and hence, machine learning models find a way to
process or consider categorical data (Duncan et al., 2011). K-mers are
short fixed-length sequences extracted from molecular sequences of
anti-leishmania compounds. Such a breakdown of sequences to k-mers
provides researchers with the ability to compose a profile representative
of the frequencies of each k-mer inside the molecules. This is all the more
useful in discovering patterns and motifs that characterize
anti-leishmania compounds (Abdelkrim et al., 2022). For instance,
k-mer analysis can find common sub-sequences between molecular
structures that may be used to link to high anti-leishmania activity with
a view to the discovery and design of new compounds.

The molecular structure of anti-leishmania molecules can also be
embedded in continuous and dimension space using methods like

Fig. 3. One-dimensional representation of molecular data.
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Word2Vec and ProtVec. Looking at k-mers as "words" and sequences of
molecules as "sentences", these embedding capture the relationship that
exists amongst the contextual use of molecular sequences (De Muylder
et al., 2016). In this way, advanced machine learning models can be
applied to classify and predict the activity of anti-leishmania molecules.
For example, embedding techniques can be used to provide molecular
features that are crucial for the activity of anti-leishmania compounds
and thus enable techniques for the rational design of new therapeutic
agents.

The PSSMs (Position Specific Scoring Matrix) are to be used to
analyse the evolutionary conservation of molecular features involved in
anti-leishmania compounds. Multiple sequence alignments of molecular
structures give PSSMs, and thus, a matrix is obtained where each row
corresponds to a position in the molecule, and every column corresponds
to the probability of observing a given feature, like an atom or functional
group at that position (Berhe et al., 2024). These matrices can ultimately
yield better knowledge of the structural and functional features of
anti-leishmania compounds, indicating related conserved features
necessary for their activities. PSSMs can be used for a multitude of
purposes, ranging from the location of key conserved binding sites to the
prediction of the functional effects of mutations in anti-leishmania
molecules.

2.2.2. Two-dimensional graph representation

Molecules can be viewed as graphs in their 2D representation, where
atoms are represented as nodes and chemical bonds as edges, providing
structured view of their connectivity (Reimao et al., 2010). This
graph-based representation works very well due to the connectivity and
the relative arrangement of atoms holding functional groups, as well as
the ring systems that are crucial for the interactions of the molecule with
its biological target (Bernal and Schmidt, 2019).

2D representations are heavily used in chemoinformatics applica-
tions involving similarity searches and Structure-Activity Relationship
(SAR) studies (Kim et al., 2015). Similarity searches are the comparison
of structural similarity between known anti-Leishmanial compounds
and new candidate molecules in which potentially active compounds are
identified due to their structural resemblance to effective drugs (Zhao
et al., 2023). SAR studies, on the other hand, find the linkage between
the chemical structure of a molecule and its respective biological activity
so that researchers can alter molecular structures to better the efficacy
and diminish the toxicity.

2D representations form an input basis for machine learning tech-
niques, specifically Graph Convolutional Networks (GCNs), Graph
Neural Networks (GNNs) (Jiang et al., 2021), Hyperbolic Graph Neural
Networks (HGNN) (Lau et al., 2023) and Attention based neural network
(Feng et al., 2024). These models deal directly with the graph structure;

Fingerprints
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therefore, they could learn features of a molecular graph representation
of the local and combined global structure. These model applied to
process 2D presentations of the anti-Leishmanial drug’s alleged com-
pounds to predict properties or activities or naturally interact with the
biological targets. Such models exploit the connectivity information
available in these 2D graphs to provide insight into more important
structural features responsible for the molecule’s activity against Leish-
mania. Message Passing Neural Network(MPNN) algorithms do this by
passing information through the structure of the graph in order to pre-
dict molecular properties, activities, and interactions (Swanson, 2019;
Jorgensen et al., 2018; Hasebe, 2021). This makes these models partic-
ularly potent in anti-Leishmanial research because they can handle
complex structures that are characteristic of many anti-Leishmanial
compounds and distinguish patterns and relationships that may not be
readily apparent from more simple representations (Shah et al., 2023).
The two-dimensional representation of molecular data is shown in
Fig. 4.

Integrating molecular fingerprinting with 2D representations en-
hances the prediction of molecular properties by combining structural
insights with encoded molecular features. While 2D representations
provide a visual or graph-based depiction of atoms and bonds, molecular
fingerprinting, using tools like RDKit, captures specific molecular fea-
tures such as atom connectivity and substructures (Baranwal et al.,
2019). This integration allows for more accurate and comprehensive
predictions, as molecular fingerprints encode essential structural infor-
mation that complements the detailed 2D representation, improving the
effectiveness of machine learning models in predicting molecular
behavior and activity against diseases.

A molecular fingerprint is a set of numerical or binary representa-
tions describing the structure of a molecule; it is essential for predicting
various molecular properties and activities (Fernandez-De Gortari et al.,
2017). Different kinds of fingerprints are used to emphasize several as-
pects of molecular structure as shown in Table 1. The most commonly
used is the Morgan fingerprint, also known as ECFP (Extended Con-
nectivity Fingerprint), a representation based on the circular neigh-
bourhood of each atom, which therefore captures the connectivity and
local sub-structure of atoms (Axen et al., 2017). The MACCS (Molecular
ACCess System) key set represents sub-structural features including
functional groups and other common structural motifs, and is therefore
very useful in virtual screening (Cereto-Massagué et al., 2015). Atom
pair fingerprints encode the relationships between atom pairs, taking
into account the connectivity and distances between them, and are
therefore useful for capturing long-range structural information
(Capecchi et al., 2020). Other types include topological torsion finger-
prints, which focus on relative localization, and heliographic finger-
prints, which take a more general approach by considering higher order
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Fig. 4. Two-dimensional representation of molecular data.
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Table 1
Description of various molecular fingerprints along with their usage, advantages and limitations.

Fingerprint Type Description Usage Advantages Limitations

Morgan Circular-based fingerprints capturing Virtual screening, similarity Highly customizable for different radii, = Sensitive to variations in radius
Fingerprints atom connectivity and local sub- searching, and QSAR modeling. captures local molecular structures selection; may miss global
(ECFP) structures. Each atom’s environment effectively, widely supported. structural features.

within a given radius is encoded.

MACCS Keys Binary fingerprints representing the Structure-based virtual screening ~ Easy to interpret due to predefined Limited by fixed key definitions;
presence or absence of 166 predefined  and classification tasks. keys; widely used for quick assessments ~ may not capture novel or complex
sub-structures including functional of structural similarity. structures.
groups and common motifs.

Atom Pair Encodes pairs of atoms with their Capturing long-range structural Good for encoding spatial relationships  Sensitive to molecular size;

Fingerprints chemical types and distances (in terms  relationships, similarity and global structural information. requires more memory for large
of bond count) between them. searching. molecules.

Topological Encodes sequences of four atoms identifying stereochemistry- Captures torsional flexibility and stereo ~ More computationally intensive;
Torsion connected by three bonds, focusing on  sensitive molecular activities, chemical information. limited to topological (not 3D)
rotational flexibility and stereo conformational studies. features.

chemical properties.

Heliographic Generalized fingerprints considering Broader structure-based analysis ~ Provides a more comprehensive Potentially less efficient; not
Fingerprints atom pairs, rings, and bond types. and prediction tasks. representation of molecular features. optimized for specific structure-

property relationships.

Virtual Data-driven fingerprints that can be Advanced predictive modeling, May be highly flexible, adaptable to Computationally expensive;
Fingerprints generated by machine learning dynamic interaction studies, and ~ complex structures including 3D requires large training datasets
(Learned models, tailored to specific tasks based ~ drug-target interaction conformations; can reveal hidden and may overfit if not properly
Fingerprints) on molecular datasets. prediction. structure-activity relationships. regularized.

molecular features such as atom pairs, rings and bonds (Schulz-Gasch
et al., 2012). These fingerprint types vary in their application, with most
choices based on the nature of what is being studied or the specificity of
the biological activity. Typical applications of using machine learning
models for drug discovery typically include virtual screening and target
identification.

Future molecular fingerprinting techniques will employ virtual fin-
gerprints generated by machine learning models in an attempt to
represent molecular structures in a more flexible and data-driven
manner. While traditional molecular fingerprinting methods rely on a
predefined set of rules and algorithms to capture molecular features,
virtual or learned fingerprints can be learn directly from large databases
of molecular properties to reveal hidden patterns or relationships in the
data. Machine learning to generate fingerprints has the advantage of
being able to adjust task specificity to improve prediction accuracy by
capturing more subtle, task-specific molecular features. In addition,
virtual fingerprints can handle complex molecular features, such as 3D
conformations and dynamic interactions, which are often difficult to
describe with conventional fingerprints. Particularly in drug discovery
and disease target research, traditional methods may overlook key

Input drug molecule

Embedding
é

Distance and atom
charge bond type 2

Density grid

structural details or have poor generalisation to different datasets,
whereas virtual fingerprints are able to more accurately predict the
molecular properties used.

2.2.3. Three-dimensional structural representations

Three-dimensional views of molecules take conformational flexi-
bility and interactions into account, which is important for binding to
biological targets. With this approach, researchers can get a compre-
hensive view of how these molecules work. In anti-leishmaniasis
research, the three-dimensional structure of drug molecules becomes
very important in pharmacodynamics and pharmacokinetic studies
(Ugbe et al., 2022). With this knowledge, the absorption, distribution,
metabolism and excretion of drugs in the body can be predicted, as well
as the mechanism of action at the cellular level. Fig. 5 illustrates the
three-dimensional molecular representation.

Fig. 5 shows a general deep learning workflow for analyzing drug
molecules from 3D structural representations. The first step of the pro-
cess is to convert the input drug molecule into a 3D density grid repre-
sentation, where the spatial arrangement of the molecule is encoded in a
ligand-based grid format in the form of atomic positions, charges and

Deep learning

Input

metrices

Fig. 5. Three-dimensional representation of molecular data.
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bond types. It represents a three-dimensional view of the molecular
structure, allowing the neural network to process its geometric and
chemical properties and capture the spatial relationships between
atoms. Alternatively, the basic features of the molecule can be summa-
rized as a numerical matrix, including inter-atomic distances, atomic
charges and bond types. These three-dimensional or feature-based in-
puts would then feed into a deep learning model that would learn from
the molecule’s three-dimensional structural patterns to predict its po-
tential to become a drug candidate, such as efficacy against leishmani-
asis or other biological targets.

2.2.4. Multi-dimensional hybrid representation

Multi dimensional molecular representation brings together multiple
data types such as sequences, graphs and 3D structural information, and
is particularly useful in the development of anti-leishmanial drugs
(Prosser et al., 2020; Vlachakis and Vlamos, 2021). With this approach,
it is possible to obtain a holistic view containing the intricate relation-
ships and interactions within a molecule; this may be overlooked if a
single data format is used (Rohini et al., 2019). By integrating different
data modalities, this multidimensional characterisation provides a
detailed understanding of molecular properties and behaviour, leading
to a better understanding of their therapeutic potential and efficacy
(Mazon-Ortiz et al., 2023; Abdoul-Latif et al., 2024)]. In
anti-leishmaniasis research, it is possible to integrate gene sequence data
of Leishmania enzymes, 2D graphical structures of drug compounds, and
3D structural information of target proteins and drug molecules. These
integrated data have the potential to allow researchers to more closely
examine how drug candidates interact with each other in terms of po-
tency, safety, and selectivity (Blanco-Gonzalez et al., 2023). Combining
sequence data with 3D structural information can shed light on how
mutations in enzymes affect drug binding and resistance mechanisms.
As shown in Fig. 6, this multivariate strategy in machine learning in-
creases the dimensionality of prediction and reveals important features.

Different types of data can be used to derive a variety of features that
can be utilized by machine learning models to train more accurate and
robust models to predict the efficacy, safety, and possible off-target ef-
fects of molecules. Importantly, if models are trained on the basis of such
multidimensional data, it is possible to predict not only the potential
efficacy of compounds against leishmaniasis, but also their potential
toxicity and side effects in humans. This kind of information is abso-
lutely invaluable for the screening phase of large compound libraries
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and for selecting the most promising candidates for further develop-
ment. As a result, researchers seeking multidimensional characterization
can design more effective and specific anti-leishmanial therapies. This
approach both accelerates the drug discovery process and limits adverse
side effects, thereby increasing the success rate of viable anti-
leishmanial therapeutic drug development. The comparison of various
dimensional molecular representations is shown in Table 2.

2.3. Feature extraction

Extracting features from molecules after their representation is a key
step in many computational applications. Different molecular repre-
sentation formats, such as 1D, 2D, 3D, and multi-dimensional, require
specific techniques to capture their unique features. In one study, sta-
tistical and machine learning techniques were used to select important
features like patient demographics, lesions, and environmental factors,
which improved the accuracy and efficiency of diagnostic methods for
cutaneous Leishmaniasis. Feature selection identified the most influen-
tial variables, leading to more focused approaches that enhanced diag-
nostic accuracy and patient care (Rahi, 2013). Another study used
clinical features such as lesion size, location, and morphology, combined
with PCR techniques, to extract relevant data. This helped differentiate
between Leishmania species, improving diagnosis and enabling targeted
treatments (Alkalah, 2016). Some common techniques for feature
extraction from different molecular representations are shown in
Table 3.

Various techniques are employed to extract meaningful features from
molecular data across different dimensions. SMILES tokenization, one-
hot encoding, and bag-of-substructures are commonly used to process
linear sequences, capturing atomic and sub-structural information
(McGibbon et al., 2024; David et al., 2020). For graph-based molecular
data, techniques like Graph Convolutional Networks (GCNs), molecular
fingerprinting, and adjacency matrices are utilized to analyze connec-
tivity and both local and global features of molecules (Nguyen and
Nguyen-Xuan, 2020). Spatial molecular data is processed using 3D
Convolutional Networks (3D CNNs), distance matrices, and molecular
descriptors, which exploit geometric and conformational information.
For comprehensive molecular analysis, advanced methods such as
feature fusion, multi-modal learning, and attention mechanisms inte-
grate multiple data types to provide a holistic understanding of molec-
ular properties. These techniques are critical for applications such as
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Table 2

Comparison of molecular data representation.

Computational Biology and Chemistry 117 (2025) 108423

Representation

Description

Key Features

Advantages

Limitations

1D Representation

2D Representation

3D Representation

Multi-dimensional

Linear representation of molecules
(e.g., SMILES strings or genetic
sequences).

Molecular graphs showing atoms as
nodes and bonds as edges.

Three-dimensional structural data
(e.g., density grids, atomic

coordinates).

Integrates multiple data types (e.g.,

Encodes molecular structure or
sequences in a simple, linear
format.

Captures connectivity and
relationships between atoms and
bonds in a flat, 2D plane.

Encodes spatial arrangement of
atoms, bond angles, and molecular
geometry.

Combines data from multiple

Simple, compact, easy to process;
suitable for sequence-based
analysis.

Visualizes molecular structure;
suitable for identifying functional
groups and bond networks.
Provides detailed insights into
molecular geometry and
interactions, including docking with
target sites.

Captures a holistic view of

Loses spatial and structural
information; limited insight into
interactions.

Lacks 3D spatial data; cannot capture
stereochemistry or spatial
interactions.

Computationally intensive; may
require complex preprocessing for
machine learning models.

Data integration can be complex;

Representation sequences, 2D graphs, 3D modalities, such as genetic molecular properties and requires advanced algorithms for
structures, and additional sequences, molecular graphs, and interactions; enhances predictions processing and interpretation.
properties). 3D structures. in ML applications.

Tablee 3
Feature extraction techniques from molecular data Dimension data.
Data dimension Techniques Description
1D SMILES Tokenization, One-Hot Encoding, Bag-of-Substructures Processes linear sequences to capture atomic and sub-structural information
2D Graph Convolutional Networks (GCNs), Fingerprinting, Adjacency Matrix Utilises graph structures to capture connectivity and local/global molecular
features
3D 3D Convolutional Networks (3D CNNs), Distance Matrix, Molecular Exploits spatial coordinates to capture geometric and conformational
Descriptors information
Multi- Feature Fusion, Multi-Modal Learning, Attention Mechanisms Integrates various data types to capture comprehensive molecular characteristics
dimensional

drug discovery and diagnostics, enabling the extraction of specific and
relevant molecular features.

2.4. Feature selection

Feature selection plays a crucial role in computational chemistry and
drug discovery applications, especially in QSAR model development.
When thousands of descriptors are used to describe a molecule, selecting
the most relevant and informative subset is essential for building robust
and interpretable models (Goodarzi et al., 2012). In the context of
Leishmaniasis, Ramezankhani et al (Ramezankhani et al., 2018). pro-
posed a decision tree algorithm to select variables for predicting the
incidence of cutaneous Leishmaniasis. This study used environmental
and topographic factors, such as altitude, temperature, and humidity, as
input variables to predict regions where outbreaks are most likely to
occur. The decision tree effectively identified key predictive variables,
enabling focused public health interventions. The research also high-
lighted how selecting the right features can optimize disease prediction
for Leishmaniasis in specific regions. Proper feature selection enhances
model performance, stability, and generalization, while reducing over-
fitting and computational complexity (Ponzoni et al., 2017). Fig. 7

Extracted features from molecules

illustrates the feature selection process.

Various feature selection methods have been applied in QSAR
studies, including filter methods, e.g., information gain, correlation-
based filter, wrapper methods where subsets are evaluated regarding
the model performance, embedded methods, which are inherently part
of the modelling algorithm itself and hybrid approaches (Goodarzi et al.,
2012; Guha and Willighagen, 2020). Commonly used algorithms for
feature selection in QSAR are recursive feature elimination, random
forests, and regularisation techniques such as LASSO and elastic net
(Moriwaki et al., 2018).

2.5. Predictive models

Leishmaniasis remains a major public health issue, and researchers
are exploring many treatment options. Croft and Coombs et al (Croft and
Coombs, 2003). provide an overview of chemotherapy drugs for Leish-
maniasis, highlighting miltefosine as the primary drug currently used,
and discuss recent progress in discovering new treatments. They stress
the need for better therapies, as existing treatments have many limita-
tions and side effects. Sundar and Chatterjee (Sundar and Chatterjee,
2006), reviewed treatment options for visceral Leishmaniasis, focusing

Applying feature selection methods

= BT

Best features for prediction

.

D e T |

Fig. 7. Illustration of the feature selection process.
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on the effectiveness of Amphotericin B, while also pointing out the ur-
gent need for safer and more affordable alternatives.

One key study by Jha et al. (2005) shows that a single-dose liposomal
version of amphotericin B is as effective in treating visceral Leishman-
iasis as longer treatments, reducing the treatment time and improving
patient compliance. This marks a significant improvement over earlier
treatment methods for this debilitating disease. In contrast, Lira et al.
(1999) discuss treatment failures in India due to resistance of Leish-
mania donovani isolates to antimony, highlighting the need for alter-
native treatment strategies to combat drug resistance.

Jebbari and Davidson (1998) discuss the introduction of miltefosine
as the first oral treatment for visceral Leishmaniasis, emphasizing the
importance of ensuring access to this life-saving breakthrough in
endemic regions. In another study, Croft and Engel (2006) explain how
miltefosine, initially developed for cancer treatment, later showed its

Table 4
Application of Machine Learning: Strengths and Weaknesses in Leishmaniasis.

Computational Biology and Chemistry 117 (2025) 108423

potential as an anti-Leishmanial drug. Additionally, the study by Sundar
and Chatterjee (2006) investigates sitamaquine as an oral alternative for
visceral Leishmaniasis, noting its promise due to its effectiveness and the
convenience of oral administration.

Beyond traditional drug discovery, machine learning and computa-
tional methods have significantly accelerated Leishmaniasis research,
particularly in drug discovery, diagnostics, and ecological modeling. A
machine learning-based chemoinformatics model was developed to
predict pyruvate kinase inhibitors in Mexican gooseberry mushrooms.
The accuracy, precision and recall of the model were 85 %, 82 % and
80 %, respectively. Chemoinformatics modeling can effectively screen
inhibitors in drug discovery, thereby reducing the need for extensive
experimental testing (Rahi, 2013).

Machine learning methods have been applied to disease diagnosis,
primarily through image analysis, to improve the detection of

ML Method

Strengths

Weaknesses

Applications in
Leishmaniasis

Example

Random Forest (RF)

Support Vector
Machine (SVM)

K-Nearest Neighbors
(KNN)

Convolutional Neural
Networks (CNNs)

Recurrent Neural
Networks (RNNs)

Autoencoders

Non-negative Matrix
Factorization (NMF)

Singular Value
Decomposition
(SVD)

Graph Convolutional
Networks (GCNs)

Graph Neural Networks
(GNNs)

Hyperbolic Graph
Convolutional
Networks
(Hyperbolic GCN)

Message Passing
Neural Networks
(MPNN)

Boosting (e.g.,
AdaBoost, Gradient
Boosting)

Transfer Learning

Handles large, high-dimensional
data.Robust to overfitting.Good for
feature selection.

Effective in high-dimensional
spaces.Can model complex
relationships.Robust to overfitting.
Classifies data based on the
proximity of data points to others.

Used for analyzing images or
molecular structures, recognizing
patterns in complex data.

Models sequential data, capturing
temporal or sequential
dependencies in data.

Unsupervised learning technique for
dimensionality reduction,
preserving important features.

Extracts latent factors from datasets,
particularly used in collaborative
filtering tasks.

Decomposes matrices into simpler
components to reveal underlying
patterns.

Uses graph-based representations
(atoms as nodes, bonds as edges) to
model molecular structures.

Extends GCNs to more complex
graph-based data, predicting
molecular properties and drug-
target interactions.

Uses hyperbolic space to represent
hierarchical data and capture richer
structural relationships.

Uses message passing between
nodes in a graph to update node
representations and predict
molecular properties or drug
interactions.

Combines multiple weak learners
into a strong model to improve
prediction accuracy.

Leverages a pre-trained model on
one task and adapts it to a new but
related task, often with less data.

Can be computationally
expensive. Less interpretable.

Requires careful tuning.
Limited interpretability.

Sensitive to noisy data and
irrelevant features.

Requires large datasets and
high computational power.

Can be difficult to train due to
vanishing gradient problem,
especially for long sequences.

Can struggle with very noisy
or unstructured data.

Requires careful initialization
and can be sensitive to noise.

Can be computationally
expensive for very large
datasets.

Computationally intensive,
especially for large graphs.

High computational demand,
may require large amounts of
training data.

Hyperbolic space models are
more complex and can be
difficult to optimize.

Requires significant
computational resources and
tuning.

Sensitive to noisy data, may
overfit if not tuned properly

May require fine-tuning,
model selection can be
challenging.

Classification of compounds as
active/inactive.Feature
selection for drug screening.
Classification of
antileishmanial activity.
Prediction of bioactivity.
Simple to implement, effective
with smaller datasets,
interpretable.

Powerful for modeling
complex, non-linear
relationships, great for high-
dimensional data.

Effective for modeling
sequences, good for predicting
molecular interactions and
drug resistance.

Useful for feature extraction
and reducing dimensionality,
can improve model
performance.

Reveals hidden patterns in
data, effective for matrix-based
data like compound-target
interaction data.

Reduces dimensionality, allows
for better data interpretation,
effective for large-scale
biological data.

Effective at capturing
molecular relationships,
directly models chemical
structures.

More flexible and accurate
than traditional GCNs, better at
predicting molecular
properties and toxicity.

Better at modeling hierarchical
structures, provides deeper
insights into complex graph
data.

Very effective in modeling
complex molecular
interactions, adaptable for
various drug discovery tasks.

Enhances the performance of
weak models, robust to
overfitting if used properly
Allows faster model training on
smaller datasets, can leverage
existing knowledge, reduces
training time

RF models for virtual screening of
antileishmanial compounds.

SVM models for classifying compounds with
leishmanicidal activity.

Classifying compounds based on chemical
structures for potential Leishmania drug
discovery.

Predicting the biological activity of
compounds by analyzing molecular
structures in drug discovery for Leishmania.

Predicting molecular interactions or drug
resistance evolution in Leishmania
infections.

Reducing the dimensionality of molecular
datasets and enhancing drug discovery
processes for Leishmania.

Identifying novel anti-Leishmania
compounds by extracting latent factors from
biological data.

Analyzing compound-protein interaction
data and predicting drug candidates for
Leishmaniasis.

Identifying potential anti-Leishmania
compounds by modeling molecular
interactions as graphs.

Predicting drug-target interactions,
molecular properties, and toxicity for anti-
Leishmania drug discovery.

Modeling hierarchical chemical or biological
interactions for more accurate prediction of
Leishmania drug candidates.

Predicting drug-target interactions and
molecular properties, useful in optimizing
compounds for anti-Leishmania drug
development.

Predicting the efficacy of anti-Leishmania
drugs by combining weaker models into a
strong prediction system.

Can be used in Leishmania drug discovery by
adapting models trained on other diseases or
tasks (e.g., molecular activity prediction) to
improve prediction accuracy with limited
data.
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leishmaniasis in microscopy images. In the study “Machine Learning
Based Leishmaniasis Detection System”, the model demonstrated 68 %
accuracy, 60 % specificity and 51 % sensitivity, proving its robustness
and reliability in disease diagnosis (Zare et al., 2022).

Ecological modeling has been further refined using machine
learning, especially in terms of GIS-based prediction of the distribution
of the Golestan skin leishmaniasis vector, the sand fly (Phlebotomus
papatasi). Thus, these methods helped to indicate high priority areas
that should be targeted for intervention. The model performed well with
an AUC score of 0.87, precision of 86 % and recall of 84 %. This is
important for focusing efforts on vector control to avoid disease trans-
mission (Mollalo et al., 2018).

In addition, meta-analysis with machine learning has been applied to
study the transcriptional response of immune cells against leishmaniasis
infection. It identifies gene expression patterns to better understand the
immune mechanisms that can be targeted for therapy (“Meta-analysis
and Machine Learning in the Immune Response to Leishmaniasis™). The
developed model has an AUC of 0.89 on unseen data, a precision of
88 %, and a recall of 87 %, thus performing well in predicting tran-
scriptional responses associated with activated immune cells. These re-
sults shed further light on the immune mechanisms of leishmaniasis and
may guide future therapeutic strategies (Rezaei et al., 2024). Based on
the above studies, the following review will focus on how different
machine learning methods can be applied to predict the
anti-leishmaniasis molecules listed in Table 4.

2.5.1. Classical machine learning methods in Leishmania disease

In general, ML methods have been used in different studies related to
drug discovery and prediction of disease (Zare et al., 2022; Huang et al.,
2022). RF, KNN, and SVM are some of the most commonly used classi-
fication techniques for identifying molecules for potential activity
against leishmaniasis. For example, RF models have been developed to
predict the biological activity of new compounds against leishmaniasis
parasites by analyzing chemical features and optimization of hyper-
parameters (Singh and Kumar, 2020). KNN has also been applied to
classify compounds, which have structural similarities with already
active compounds, and thus this approach allows the identification of
new compounds as potential drugs. Similarly, SVM has been used to
distinguish active compounds from inactive compounds based on mo-
lecular structure an important procedure for screening large libraries of
compounds to identify potential therapeutic candidates (Bamorovat
et al., 2021).

In the future, improvements in the application of classical ML
methods in drug discovery for leishmaniasis can be accomplished with
more and larger different datasets. Future research should be directed
toward developing more accurate and interpretable methods by inte-
grating multi-omics data into predictive models. Besides, combining
classical Machine learning methods with other advanced techniques like
deep learning could enhance their performance. The focus could also be
on developing hybrid models that integrate classical ML with genetic
data or biochemical from Leishmania parasites, thereby improving the
prediction of drug efficacy and resistance mechanisms. Furthermore, in
future research, the application of classical ML to personalized medi-
cine, i.e., tailoring predictions to the patient’s individual situation, could
be explored.

2.5.2. Deep learning approaches in Leishmania disease

Deep learning methods have recently been promising in several areas
of biomedical research, including drug discovery for leishmaniasis
(Oualha et al.,, 2024). CNNs have been used to analyse molecular
structures, to predict the bioactivity of compounds against the leish-
maniasis parasite, and to identify drug candidates (Ugbe et al., 2022).
These applications include the application of RNNs to model the evo-
lution of drug resistance, thus providing insight into the
time-dependence of the dynamics of parasite-drug interactions
(Winkler, 2021). Similarly, autocoders have been applied to the
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downscaling of molecular datasets with the aim of capturing important
features and patterns that can inspire the drug discovery process. As a
result, these DL models have revolutionized the identification of po-
tential therapies for leishmaniasis, as evidenced by their big data pro-
cessing power and ability to capture non-linear relationships.

Future research directions in Leishmaniasis drug discovery may be to
harness the power of deep learning to more accurately understand the
complex molecular interactions and processes underlying drug resis-
tance. One such direction would be to combine multi-modal data such as
genomics, transcriptomic and proteomics with deep learning models to
improve the prediction of compound efficacy and resistance. Rein-
forcement learning could also be explored to optimize drug discovery
pipelines by adapting to new data in real time and improving model
accuracy. Another promising area is the use of migration learning to
apply pre-trained models for other diseases to the drug discovery task for
Leishmaniasis, thereby reducing the need for large amounts of data. In
addition, the application of deep learning models to predict the effect of
compounds on immune evasion strategies in Leishmaniasis could pro-
vide new avenues for therapeutic strategies.

2.5.3. Matrix factorization techniques in Leishmania disease

Matrix factorization methods i.e. such as Non-negative Matrix
Factorization (NMF) and Singular Value Decomposition (SVD) have
been widely used in drug discovery, thus revealing large-scale biological
and chemical datasets with hidden patterns (Moon and Lee, 2021). On
the other hand, SVD can be used to analyse compound-protein interac-
tion data, thereby predicting drug candidates from the interaction of
small molecules with Leishmania proteins. Both of the discussed matrix
factorization methods are suitable for the case of very sparse data. These
methods can reveal hidden structures in intricate biological processes
and thus will certainly be of great use in drug discovery for
Leishmaniasis.

In addition, future work may focus on enhancing matrix factorization
techniques, e.g. to further improve the performance of in-silico drug
target prediction for improved discovery of anti-leishmaniasis com-
pounds. This could be further extended to the prediction of drug effects
on leishmaniasis at the systems biology level, integrating the latest
knowledge of complex biology represented by high-throughput IoT data
(e.g., gene expression or protein interaction data). In addition, matrix
factorization can be combined with other advanced methods, such as
graph-based learning or deep learning approaches, to improve the ac-
curacy and generalizability of predictions. Similarly, the development of
hybrid models combining matrix factorization with molecular docking
simulations provides a holistic concept for predicting the binding af-
finity of compounds to leishmaniasis targets, which will undoubtedly
improve drug discovery.

2.5.4. Graph-based learning methods in Leishmania disease

Graph-based learning methods include graph convolution networks
and graph neural networks, both of which represent molecular struc-
tures as graphs with atoms as nodes and bonds as edges (Wang et al.,
2024). In graph convolutional networks, the prediction of a compound’s
biological activity is achieved by analyzing the molecular graph; this
will always conform to the relationships of atoms within the molecule.
GNN further develops this methodology with greater flexibility and
higher accuracy in predicting drug-target interactions and toxicity.
These methods are ideally suited to the drug discovery process for
leishmaniasis, where the molecular structure and its interactions are so
complex that a detailed understanding is required to identify effective
treatments.

In the future, these graph-based learning methods will have
tremendous scope for expansion in Leishmaniasis drug discovery as
multi-scale data are integrated into the model. The use of hyperbolic
graph networks can capture hierarchical relationships to better model
leishmaniasis-host interactions and provide insight into drug-host-
pathogen dynamics. Adding temporal data can further model the
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progression of Leishmania protozoa infections or the emergence of drug-
resistant strains. Predictive capabilities will be further improved when
Al methods for graph-based modeling are developed, allowing for the
interpretation of the contribution of each specific molecular feature or
interaction to the prediction, thus enabling safer and more effective
design of anti-leishmanial drugs.

2.5.5. Ensemble learning techniques in Leishmania disease

Ensemble learning methods, including Boosting-based methods such
as AdaBoost and Gradient Boosting, as well as Bag Learning methods
such as Random Forest, have been used in the drug discovery process for
Leishmaniasis (Singh and Kumar, 2020). They aggregate several weaker
models into one strong model, resulting in high overall performance,
which is popular in complex prediction efforts such as prediction of the
anti-leishmanial compounds. Ensemble methods such as augmentation
have been tried in order to combine multiple classifiers to improve
prediction accuracy in terms of efficacy and safety. In addition, some
bagging techniques such as Random Forest have been used to reduce the
variance of the predictions and thus make the model more robust (Shah
et al., 2022). These ensemble methods are especially valuable in situa-
tions where data is noisy or where the generalization ability of the model
is important.

In the near future, it is likely that advanced ensemble machine
learning or deep learning techniques will collaborate to come up with
better Leishmaniasis drug discovery programs with robust predictions. A
potential direction is the use of stacking, where different machine
learning models are combined in a hierarchical manner to refine pre-
dictions. Additionally, research could focus on adapting ensemble
methods for the specific challenges of Leishmania such as predicting the
effects of drugs on different Leishmania species or accounting for the
diversity in host responses to treatment. Furthermore, ensemble
learning could be combined with reinforcement learning to create
adaptive models that continuously improve their predictions based on
incoming experimental data.

2.5.6. Transfer learning in Leishmania disease

Recently, transfer learning has begun to take root in the field of drug
discovery, including leishmaniasis, where researchers can utilize limited
data to apply models pre-trained on large datasets to new tasks (Cai
et al., 2020; Buterez et al., 2024). This approach proved particularly
valuable when there was insufficient labeled data to train from scratch.
For example, pre-trained models from other parasitic disease datasets (e.
g., malaria) have been used to predict anti-leishmaniasis drug candi-
dates. The process of transfer learning can be used to utilize knowledge
gained from larger datasets, thereby improving the efficiency and ac-
curacy of predictions in the presence of limited data. This would greatly
reduce the need for large datasets, thereby speeding up the process of
anti leishmanial drug discovery.

In the future, transfer learning related to Leishmaniasis drug dis-
covery will be oriented towards integrating diverse data from multiple
sources, such as proteomics, genomic and clinical data in order to
further improve the transferability of pre-trained models. These re-
searchers may investigate the use of domain-specific data to fine-tune
pre-trained models to improve the therapeutic efficacy of leishmani-
asis. Some other promising research direction is to apply the principles
of transfer learning to personalized medicine, i.e., to fine-tune models
trained on large datasets of Leishmaniasis for a specific patient’s con-
dition to enable personalized treatment strategies. Likewise, the use of
transfer learning in combination with other modern techniques such as
reinforcement learning or ensemble methods can also improve perfor-
mance, leading to improved prediction accuracy and drug efficacy
against leishmaniasis infections.

3. Evaluation metrics and cross validation

In machine learning, evaluation metrics and validation strategies are
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considered as two important aspects to assess the performance and
generalization of machine learning models (Cabitza et al., 2021). Met-
rics such as accuracy, precision, recall, Fl-score and AUC-ROC are
commonly used to quantify the performance of predicting any outcome,
such as identifying compounds with potential anti-leishmanial activity
or diagnosing a disease. Validation methods such as cross-validation,
holdout validation and early stopping validation measure the robust-
ness of the model to high performance on any unseen data, thus avoiding
overfitting. All of these have a very important place in any research
related to leishmaniasis as they offer the possibility of improving the
predictive performance and reliability of models in the search for
effective therapeutic and diagnostic approaches against this neglected
tropical disease. As several methods for predicting leishmaniasis are
discussed in detail in Section 2, these methods can be evaluated and
validated using various metrics, as shown in Table 5.

4. Discussion

Leishmaniasis is a chronic disease caused by the Leishmania parasite
that affects many people in the tropics and subtropics. Since this infec-
tion is chronic, it has become very important to find various ways of
combating it at the individual and group level (Roatt et al., 2014;
Abadias-Granado et al., 2021; Saini et al., 2022). A number of methods
have been used to predict treatments that may work against Leishmania
parasites and then observe the outcome of the disease (Ruggeri et al.,
2014; Colby et al., 2017; Andersen and Winter, 2019). These methods
include traditional and modern approaches to develop new molecules
with high anti-leishmanial activity that can reach therapeutic levels to
reduce the disease burden. In this direction, various computational
methods, in vitro, in vivo, molecular docking and other predictive tech-
niques are expected to provide effective solutions to combat leishman-
iasis or other diseases (Cunningham and Fairlamb, 1995; Beverley et al.,
1986; Ye et al., 2023).

In vitro bio-assays provide primary information on efficacy; in vitro
compound assays on cultured parasites under controlled conditions
provide additional information on how the molecules act directly on
leishmaniasis cells. On the other hand, complementary in vivo

Table 5
Evaluation metrics and validation strategies of prediction methods.

Model type Evaluation metrics Validation Strategies

Classical Accuracy Precision, Recall, K-fold Cross-validation
Machine F1-Score Stratified Cross-validation
Learning AUC-ROC Confusion Matrix

Deep Learning

Graph Learning

Matrix
Factorization

Ensemble
Learning

Transfer
Learning

Loss Function (Cross-entropy
loss, Mean Squared Error),
Precision, Recall, F1-Score,
AUC-ROC

Confusion Matrix
Graph-Based Metrics
(Average shortest path,
Clustering coefficient,
Degree centrality), Node and
Edge Prediction Metrics
(MAE, RMSE)

AUC-ROC

Mean Squared Error (MSE)
Root Mean Squared Error
(RMSE)

AUC-ROC, Precision, Recall,
F1-Score

Accuracy, Precision, Recall,
F1-Score

AUC-ROC

Accuracy, Precision, Recall,
F1-Score

AUC-ROC, Loss Function
(Cross-entropy, MSE)

Holdout Validation, K-fold
Cross-validation
Early Stopping

Graph Cross-validation (no data
leakage between molecules),
Node-wise Cross-validation

K-fold Cross validation,
Reconstruction Error (how well
matrix is approximated)

Bagging and Boosting (internal
handling of data splitting),
Cross-validation to assess
stability and robustness
Fine-tuning and Transferability
Check, Cross-dataset Validation
(testing how well the model
generalizes to other datasets)
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evaluations of these models allow estimation of therapeutic efficacy,
pharmacodynamic response, and toxicity profiles based on living or-
ganisms, thus providing data on primary bioavailability, systemic/
toxicity, and therapeutic framework. Despite these advantages, tradi-
tional experimental approaches still face many significant challenges
that computational methods are designed to address: in vitro and in vivo
experiments are resource-intensive, time-consuming and costly for
large-scale screening of chemical libraries; the reproducibility of ex-
periments can be affected by changes in biological systems and envi-
ronmental factors; and thirdly, ethical considerations prohibit the
conduct of large numbers of animal experiments, especially when there
are alternative methods are available.

ML and DL methods overcome these limitations by utilizing large
datasets of available biological, chemical, and pharmacological infor-
mation to build predictive models that can simulate experimental out-
comes. For example, ML algorithms can predict the activity of
compounds against specific targets in leishmaniasis, classify molecules
based on potential toxicity, or model resistance mechanisms. DL archi-
tectures, including CNNs, MPNN and GNNSs, can capture complex mo-
lecular structures and relationships between atoms and bonds to
improve prediction accuracy. These advances in computational tech-
nology reduce reliance on experimental screening, accelerate the pro-
cess of drug discovery, and pave the way for more efficient validation
efforts by experimentalists, thereby accelerating the pace of effective
anti-leishmanial therapies and reducing resource and ethical concerns.

This review proposes a holistic machine learning approach for pre-
dicting potent anti-leishmanial activity. The pipeline proposed in this
paper, in combination with multiple machine learning techniques, can
provide an effective method for analyzing and predicting molecular
structure and biological activity for the development of potent anti-
leishmanial disease molecules. The study aims to find compounds that
could be potential candidates for leishmaniasis drug development.
Therefore, this study reviews the different methods applied at this
pipeline level and critically reviews the use, advantages, limitations and
challenges of these methods.

Machine Learning (ML) and Deep Learning (DL) can be of great
benefit for the discovery and development of molecules for leishmani-
asis. By using large datasets, these methods can determine which
chemical structures and biological activities are complementary, leading
to the rapid discovery of good therapeutic candidates. In this regard, ML
and DL techniques such as CNNs and GNNs are particularly well suited
to analyze complex data from molecular databases, including data based
on molecular fingerprints and SMILES representations. These models are
able to learn complex features from chemical and biological data related
to compound efficacy, toxicity, and their interactions with target pro-
teins; thus, such models can reduce time-consuming and expensive
experimental screening in the early stages, thereby increasing the speed
of the drug discovery process. In addition, ML/DL models can be used to
predict the efficacy of existing leishmaniasis drugs as well as to discover
new leishmaniasis drugs.

There are some challenges in the discovery of anti-leishmanial drugs
using the ML/DL approach. The main issues are two-fold: availability
and quality of datasets, especially for diseases like leishmaniasis, where
comprehensive datasets including both active and inactive compounds
are almost non-existent. In addition, the imbalance between a few target
compounds and a large number of inactive compounds may bias the
predictions towards the major classes. On top of that, most state-of-the-
art models, especially DL methods, are not interpretable, which is an
important feature for understanding the rationale behind predictions,
especially in biomedical applications. High-dimensional biological data
poses another challenge: computational complexity, as the training and
deployment of models requires significant computational resources. All
of these challenges point to the need for sustained collaboration between
computational approaches and experimental validation to overcome
limitations and advance the discovery of drugs related to leishmaniasis.
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5. Conclusion

This review describes a high-throughput machine learning compu-
tational pipeline for the prediction of potent anti-leishmanial molecules.
It can easily process high-dimensional data to predict molecular activ-
ities against Leishmania parasites well. This will not only help in iden-
tifying promising drug candidates, but also improve the efficiency of the
drug discovery process against neglected tropical diseases such as
leishmaniasis. In addition to anti-Leishmania protozoa activity predic-
tion, the proposed machine learning computational pipeline further
extends its use in many other directions; it can be easily extended to a
variety of other applications related to molecular characterization, drug
toxicity, and other pharmacological properties. Extending this compu-
tational pipeline with more functionality and larger datasets may bring
additional value to determining the relationship between structure and
biological activity, and the resulting benefits may be applicable to all
aspects of the drug development process.
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