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ABSTRACT 
Machine learning methodologies have been introduced into computational biology, which have radically changed the 
paradigms in biological research over the last decade. This paper analyzes the primary applications of machine learning in 
various fields of computational biology, including protein structure prediction, genomic sequence analysis, drug discovery, 
and systems biology. We evaluate the theoretical basis of these applications, their implementation, and the problems 
associated with applying computational learning algorithms to biological data. Special focus is given to deep learning 
structures that have proven exceptionally successful in the modelling of complex biological systems. We also examine 
recent developments, such as explainable artificial intelligence in medical biology, federated learning for conducting 
privacy-preserving medical studies, and the use of machine learning models to integrate multi-omics data. This thorough 
examination can present researchers with information on the existing methodologies, coupled with the promotion of 
prospective studies. 
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Graphical Abstract 

 

INTRODUCTION 
Biological systems are highly complex systems that involve 
intricate interactions between molecules, regulatory 
mechanisms, and emergent properties that cannot be easily 
analyzed using standard tools. The massive increase in 
biological information produced by high-throughput 
technologies has not only made it possible to perform 
computational analyses but also required more complex 

analysis models that can identify any meaningful pattern in 
large and diverse datasets [1]. Machine learning in this 
regard has become an invaluable asset, extending immense 
benefits in pattern recognition, predictive modelling, and 
knowledge inferences in the biological field. 
Machine learning has not been applied to biology, and one 
of the first usages of neural networks was to predict protein 
secondary structure in the 1990s [2]. In recent years, the 
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complexity of algorithms, computational hardware, and 
large repositories of biological data have led to a revival in 
this interdisciplinary area. Modern machine learning 
methods have been able to overcome previously difficult-
to-solve problems, as in the case of the near-experimental 
accuracy of AlphaFold when predicting protein structures 
[3]. 
This review summarizes existing information on the use of 
machine learning in computational biology, discussing 
known procedures and new developments. We divide our 
discourse into large areas of application without losing sight 
of both the algorithmic principles and practical issues. In 
our analysis, we have found that machine learning has 
replaced its functions as a tool of analysis and is now 
becoming a part of the biological research pipeline, which 
governs experimental design, hypothesis generation, and 
mechanistic understanding. 
1.1 Scope and Organization 
This is a review of supervised, unsupervised and 
reinforcement learning paradigms that are implemented in 
a biological environment. It is a questioning program in the 
spectrum of molecular to systems-level biology, including 
genomics, proteomics, drug discovery, and medical 
diagnostics. The paper is structured in a chronological 
order, building the theoretical concepts, underpinning the 
arguments to a state-of-the-art application, and finally, an 
evaluation of the current limitations and future research 
directions. Each part contrasts theoretical foundation with 
practical case studies, hence providing the reader with a 
comprehensive knowledge of both methodological dogmas 
as well as practical applications of those to biological use. 
Statement of Significance 

Category Description 
Problem 
or Issue 

Biological systems exhibit extraordinary 
complexity with intricate molecular 
interactions that traditional computational 
approaches struggle to model. The 
exponential growth of high-throughput 
biological data demands sophisticated 
analytical frameworks capable of 
extracting meaningful patterns from large, 
heterogeneous datasets while maintaining 
biological interpretability. 

What is 
Already 
Known 

Machine learning has demonstrated 
success in specific biological applications 
including protein secondary structure 
prediction, genomic classification, and 
basic sequence analysis. Existing reviews 
typically focus on individual application 
domains or specific algorithmic 
approaches, lacking comprehensive 

integration across computational biology's 
diverse landscape. 

What this 
Paper 
Adds 

This review provides a unified framework 
connecting supervised, unsupervised, and 
reinforcement learning paradigms across 
molecular to systems-level biology. It 
critically evaluates state-of-the-art 
applications including AlphaFold2, 
transformer-based regulatory models, and 
federated learning while addressing 
persistent challenges in interpretability, 
generalization, and data quality. The work 
uniquely bridges theoretical foundations 
with practical implementations and 
identifies emerging directions including 
foundation models, multi-omics 
integration, and causal inference 
methodologies. 

Who 
Would 
Benefit 

Computational biologists seeking 
comprehensive methodological guidance; 
experimental biologists interested in 
leveraging machine learning for 
hypothesis generation; drug discovery 
researchers exploring AI-driven design; 
clinical investigators applying precision 
medicine approaches; and 
interdisciplinary teams requiring 
integrated perspectives on algorithm 
selection, validation strategies, and 
translational considerations for diverse 
biological research contexts. 

 
2. Fundamental Machine Learning Paradigms in 
Biology 
2.1 Supervised Learning Approaches 
Supervised learning is the foundation of a multiplicity of 
biological studies, in which algorithmic models are trained 
on annotated datasets to provide a mapping between input 
features and predefined output labels. In the biological 
context, supervised learning has been proposed to be 
especially effective in classification tasks, such as disease 
diagnosis, gene functional annotation, and prediction of 
protein-ligand binding affinities [4] (Table 1). 
Support vector machines (SVMs) are one of the first 
successful applications of supervised learning to biological 
data. Their ability to work in high-dimensional spaces 
makes them particularly appropriate to genomic studies, 
where the number of variables can be much larger than the 
number of samples. The SVMs have been beneficial in a 
continuum of applications where they are utilized in the 
classification of cancer using gene-expression profiles or 
the location of transcription-factor binding-sites [5]. The 
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SVM's kernel trick can be used to model nonlinear 
relationships without necessarily transforming the features, 
an attribute that is especially useful when it comes to 
modelling complicated biological interactions. 
The ensemble approaches include random forests and 
gradient-boosting machines, which are a combination of 
multiple decision trees to achieve a high level of predictive 
power. The methods are good at capturing nonlinear 
relationships and feature interactions, and retaining 
interpretability as well as feature-importance measures. 
Random forests have also been used in the context of 
biological studies by predicting variant effect, where 
heterogeneous genomic annotations are combined and used 
to assess the functional consequences of genetic variants 
[6]. The inherent potential of tree-based models to support 
missing data points and mixed types of variables, which are 
common to biological data, fits the nature of biological data 
that often has missing or heterogeneous information. 
2.2 Deep Learning Architectures 
Deep neural networks have also played an important role in 
computational biology by allowing end-to-end learning of 
hierarchical representations on raw data. Convolutional 
neural networks (CNNs) have been demonstrated to be 
useful in the analysis of biological data in a sequential 
format, such as DNA and protein sequences, which 
autonomously identify motifs and higher-order patterns 
without any manual feature engineering [7]. Another added 
benefit of CNNs is that they can be applied across species 
and hence are used to discover regulatory factors that are 
located in different genomic areas. 
The recurrent neural networks (RNNs) and their variation, 
the long short-term memory (LSTM) networks, are 
effective at modelling sequential dependencies among 
biological data. They have been used to model protein 
sequences, in which structural and functional characteristics 
are regulated by long-range interactions between amino 
acids. The ability of the LSTM to remember over long 
sequences removes the difficulty of identifying relations of 
hundreds of residues in proteins or thousands of nucleotides 
in regulatory regions [8]. 
Transformer architecture signifies a shift in the paradigm of 
sequence modelling since it uses self-attention-based 
learning to learn relationships between sequence elements 
regardless of their relative positions. Transformers have 
also shown outstanding performance in protein language 
modelling in biology; pre-trained transformers trained on 
millions of protein sequences have been shown to gain 
evolutionary and structural constraints, which can be fine-
tuned to downstream tasks [9]. The explicability of 
transformer attention mechanisms explains the sequence 
positions with the highest contribution to predictions, 

providing the researchers with practical hypotheses about 
the compositions of functional elements. 
2.3 Unsupervised Learning and Dimensionality 
Reduction 
The annotation of biological data is often insufficient, and 
unsupervised learning methods are commonly required as 
one of the essential aspects of exploratory analysis and 
pattern discovery. The use of clustering algorithms, 
including k-means, hierarchical, and density-based 
clustering, is regularly used to classify cell types in single-
cell RNA-sequencing datasets, to define disease subtypes 
and to cluster genes with similar expression patterns, a 
practice that has been in use for many years [10]. 
High-throughput biological measurements are also plagued 
by the curse of dimensionality, which is usually overcome 
using dimensionality-reduction tools. PCA offers a linear 
transformation process, which retains the highest amount of 
variance, and as such, it is used to visualize and interpret 
very complex data structures. Non-linear methods, such as 
t-stochastic neighbor embedding (t-SNE) and uniform 
manifold approximation and projection (UMAP), have 
become the techniques of choice to visualize high-
dimensional single-cell experiments, uncovering the 
patterns of cellular heterogeneity and developmental 
trajectories [11]. 
Autoencoders, along with their probabilistic versions, 
variational autoencoders (VAEs), are deep-learning 
methods of dimensionality reduction that are trained to 
learn compact representations of biological data without 
structural distortions. VAEs have, in particular, been useful 
in modelling single-cell gene expression because they 
minimize technical and biological confounding signals and 
can realistically generate them, allowing the expression 
profiles to be recreated [12]. 
Table 1: Machine Learning Paradigms and Their 
Applications in Computational Biology 

Paradig
m 

Key 
Algorit
hms 

Biologic
al 
Applicat
ions 

Advant
ages 

Limitatio
ns 

Supervis
ed 
Learning 

SVMs, 
Random 
Forests, 
CNNs, 
Transfo
rmers 

Disease 
diagnosi
s, variant 
classifica
tion, 
protein-
ligand 
binding 
predictio
n 

High 
accurac
y with 
labelled 
data, 
interpre
table 
feature 
importa
nce 

Requires 
extensive 
labelled 
datasets, 
prone to 
overfittin
g 
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Unsuper
vised 
Learning 

K-
means, 
Hierarc
hical 
clusteri
ng, 
PCA, t-
SNE, 
UMAP, 
VAEs 

Cell type 
identific
ation, 
disease 
subtypin
g, 
dimensio
nality 
reductio
n 

No 
labels 
require
d, 
discove
rs 
hidden 
patterns 

Difficult 
to 
validate, 
subjective 
interpreta
tion 

Deep 
Learning 

CNNs, 
RNNs, 
LSTMs, 
GANs, 
Attentio
n 
mechani
sms 

Protein 
structure 
predictio
n, 
genomic 
sequence 
analysis, 
and drug 
design 

Learns 
hierarc
hical 
features
, 
handles 
comple
x 
patterns 

Black-
box 
nature, 
computati
onally 
intensive, 
requires 
large 
datasets 

Reinforc
ement 
Learning 

Q-
learning
, Policy 
gradient
s, 
Actor-
Critic 

Protein 
engineeri
ng, de 
novo 
drug 
design, 
experime
ntal 
design 

Optimi
zes 
sequent
ial 
decisio
ns, 
learns 
from 
feedbac
k 

Requires 
well-
defined 
reward 
functions, 
sample 
inefficien
t 

 
3. Genomics and Sequence Analysis 
3.1 Variant Calling and Interpretation 
The determination and identification of genomic variants 
are key issues in population genetics and precision 
medicine. The methods based on machine learning have 
enhanced the accuracy of variant calling through the 
combination of several sources of evidence, including read-
alignment quality, base-quality scores, and local sequence 
context. Convolutional neural networks and similar deep-
learning structures have shown that patterns of sequencing 
errors are highly complex, and these types of models can 
learn better than a traditional probabilistic model [13]. 
The functional effect of variants is a more challenging 
problem to predict, which requires the combination of 
evolutionary conservation, structural context, and 
functional annotations to determine variant pathogenicity. 
The prediction strategies that fuse over two of the individual 
predictors in a multifactorial approach are more accurate 
compared to single-tool methods, thus making variant 
interpretation a multifactorial task. Recent advances have 
used deep learning to combine heterogeneous annotations 

of the genome with good performance on distinguishing 
between pathogenic and benign variations [14]. 
3.2 Regulatory Genomics 
Complex interactions between transcription factors, 
chromatin architecture and DNA sequence motifs regulate 
the transcription. Current innovations in machine learning 
are exploitable to forecast regulatory activity based on 
nucleotide sequence, where the convolutional neural 
networks show notable performance in defining sequence 
motifs of transcription factor binding sites and chromatin 
accessibility [15]. 
DeepSEA and Basset represent essential examples of the 
use of deep-learning methods in the field of regulatory 
genomics; they use primary DNA sequence to directly 
predict chromatin signatures and transcription factor 
occupancy. Such architectures derive hierarchical 
descriptions of regulatory grammar, thus describing 
discrete motifs and higher-order combinations of the motifs. 
Their high predictive accuracy can be used in in silico 
experiments of mutagenesis to enable a systematic analysis 
of the implications of sequence variants on regulatory 
competence [16]. 
The reconstruction of gene-expression modalities on the 
basis of both the sequence and the epigenome is a new 
configuration of research. Programs like Enformer are 
based on the idea of transformer models to predict 
transcriptional output on whole genomic loci, including 
hundreds of kilobases. These models have mechanistic 
explanations of transcriptional governance by incorporating 
long-range enhancer-promoter contacts [17]. 
3.3 Single-Cell Genomics 
The inventions of single-cell sequencing technologies have 
significantly advanced our understanding of heterogeneity 
at the single-cell level, generating datasets that contain 
millions of single-cells with thousands of features of gene-
expression annotated. These large-scale and sparse high-
dimensional data require advanced machine-learning 
algorithms to investigate the data. One of the key analytical 
goals is the cell-type assignment (supervised and semi-
supervised learning algorithms) with cellular identities 
based on the expression profiles [18]. 
Nevertheless, trajectory inference models based on 
unsupervised learning paradigms can be used to infer 
development trajectories and cell differentiation pathways 
using single-cell data. They combine dimensionality 
reduction with graph-based approaches to cell pseudo-
temporal ordering, thus explaining dynamic processes of 
cells based on allegedly fixed snapshots. Most recent deep-
learning progress, based on variational autoencoders, has 
led to a better ability to infer trajectories, where the latent 
representations learned are more faithful to the biological 
variability that they model [19]. 
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Fixing the batch effects and ensuring strong data integration 
are daunting issues when integrating single-cell datasets 
that are obtained with different experiments or 
technologies. Adversarial training-based and optimal-
transport-theory-based machine-learning approaches have 
proven to be effective in aligning such data, as well as in 
maintaining inherent biological diversity. They can be used 
to conduct a complete cross-study and cross-platform 
analysis [20]. 
4. Protein Structure and Function Prediction 
4.1 Secondary and Tertiary Structure Prediction 
One of the most important achievements of machine 
learning in computational biology is related to predictive 
protein structure. Initial neural-network models of 
secondary-structure prediction had relatively low accuracy 
and were unable to provide the long-range interactions 
required to form tertiary structures [21]. The further 
development of deep-learning models incorporating 
evolutionary data, including the assistance of multiple-
sequence alignments, was a decisive breakthrough in the 
accuracy of structural prediction. 
AlphaFold2 is a very important system, in which an 
attention-based neural network predicts protein structures 
with an accuracy equivalent to empirical approaches [22]. 
This architecture takes evolutionary coupling information 
and, at the same time, optimizes the predicted structure and 
the associated models of multiple-sequence alignments. A 
differentiable formulation of this kind allows a subtle 
connection between sequence, evolutionary context, and 
resultant structure. The functions of AlphaFold2 have 
significant implications for structural biology; the software 
can be used to clarify protein structures that other research 
strategies cannot access and speed up drug discovery 
procedures. 
RoseTTAFold is another paradigm of deep-learning 
structure prediction, which demonstrates how different 
architecture paradigms can be used to reach high-accuracy 
results using both evolutionary and geometrical 
characteristics [23]. Access to structural information has 
been made democratic by these technological advances, and 
structural repositories of predicted structures have been 
compiled that contain large parts of the known proteome. 
4.2 Protein Function Prediction 
Protein functional annotation is more than just structural 
prediction; it requires the combination of sequence, 
structural, and evolutionary information to infer molecular 
functions, biological processes, and subcellular locations. 
Traditional methods using homology have often found it 
challenging to face homologs that are too distant or proteins 
that have no properly characterized homologs. The 
machine-learning approaches that address these limitations 
are able to generate complex sequence-to-function 

relationships based on large collections of annotated 
corpora. 
The ability of deep learning architectures to learn functional 
properties has a proven ability to abstract primary sequence 
features of proteins. Protein language models, which are 
similar to those used in natural language processing, learn 
representations that are constrained by both functional and 
structural aspects through unsupervised pre-training on 
large datasets of sequences [24]. These representations are 
fine-tuned to perform task-specific prediction tasks with 
state-of-the-art performance on an array of functional 
annotation problems, including prediction of Enzyme 
Commission numbers, Gene Ontology term assignment and 
inference of subcellular localization. 
Graph neural networks (GNNs) have emerged as powerful 
tools in structure-directed functional prediction, which 
predicts proteins as graphs, with each vertex representing 
an amino acid residue, and each edge reflecting spatial 
adjacency or interaction potentials. GNNs continuously 
update the information about the local structural 
neighborhoods; thus, they are structurally sensitive to 
functional sites. These types of methodologies have proven 
quite successful in catalytic residues, ligand-binding sites, 
and protein-protein interaction interfaces prediction [25]. 
4.3 Protein Design and Engineering 
The reverse problem of protein design is being tackled with 
the increasing application of machine learning, where the 
goal is to produce sequences with desired three-dimensional 
geometry or with desired functional properties. Various 
forms of generative models have been trained to sample 
new protein sequences generated by learned probability 
distributions (variational autoencoders (VAEs) and 
generative adversarial networks (GANs)). This means that 
it is now easier to explore protein sequence space beyond 
natural diversity [26]. 
Recently, approaches that integrate deep learning with 
reinforcement learning have been used to optimize proteins 
to meet desired properties. These methods formulate protein 
engineering as a series of decision-making problems, where 
an agent is trained to serve proposed mutations that are 
beneficial, via contact with a scoring or experimental 
feedback. These approaches have been effective in 
optimizing proteins to achieve stable proteins, binding 
affinity, and enzyme activity [27]. 
5. Drug Discovery and Development 
5.1 Molecular Property Prediction 
Optimization of the molecular properties, including 
potency, selectivity, pharmacokinetics, and toxicity, is a 
core issue of the drug-discovery process. These properties 
can be predicted directly by supervised machine-learning 
models, and these models can be trained solely based on the 
underlying molecular structure, accelerating optimization 
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of leads through prioritization of candidate compounds. 
Special effectiveness has been shown in this direction using 
graph neural networks, which encode molecules as graph 
data, atomic nuclei as nodes, and chemical bonds as edges 
[28] (Figure 1). 
The message-passing neural network (MPNN) structures 
generalize traditional graph-convolutional operations into 
the molecular space and allow obtaining very complex 
structure-property correlations. MPNNs derive latent 
representations through neighbourhood-aggregation 
processes, obtaining representations of the local chemical 
environment, as well as of the global molecular properties. 
It has been empirically demonstrated that MPNNs can 
achieve the state-of-the-art performance in predicting 
solubility, toxicity, and biological activity in heterogeneous 
chemical spaces [29]. 
Multi-task learning paradigms take advantage of the 
similarities between chemically related prediction 
problems, and thus improve generalization in situations 
where the data on every single task is sparse. Transfer 
learning strategies, i.e. training large-scale, pre-trained 
models on task-specific endpoints, have in practice 
provided better predictive performance compared to models 
trained on small amounts of task-specific data. These 
methodologies would particularly be beneficial in drug-
discovery cases, where the evidence on the subject of novel 
therapeutic targets is often limited [30]. 

 
Figure 1: Schematic representation of the integration of 

machine learning across the drug discovery pipeline 
5.2 De Novo Drug Design 
Modelling Generative models enable systematized 
exploration of chemical space by the synthesis of new 
molecules with desired physicochemical properties. VAEs 
that learn molecular representations acquire continuous 
latent manifolds in which chemically similar molecules 
cluster in space, thus allowing for optimizing properties 
using gradient-based methods in the latent space [31]. Other 
forms of generative paradigm are adversarial autoencoders 
and generative adversarial networks (GANs), where the 
model is optimized to sample probability distributions that 
are similar to the ones seen in the training corpus. 

Reinforcement-learning (RL) models can be used to view 
the synthesis of molecules as a sequence of decisions, in 
which a sequence of decisions is to add atoms or sub-
structures to a chemical graph. The policy is guided by 
curated reward functions that encode physicochemical 
target criteria. This type of RL-based strategy has provided 
new chemotypes with improved qualities in various 
therapeutic areas [32]. 
Recurrent neural networks (RNNs) and transformer 
architectures produce molecular representations as linear 
strings (e.g., SMILES) with the help of methods of natural 
language processing. The effectiveness of these models is 
enhanced by massive pre-training on libraries of curated 
chemicals, and this equips them with insights into syntactic 
rules and structural motifs. The conditional generation 
methods also provide explicit control over the target 
properties and, thus, allow synthesizing entities that satisfy 
a combination of design characteristics at the same time 
[33]. 
5.3 Target Identification and Validation 
Machine learning enables the identification of targets since 
it incorporates various biological data to help predict 
disease associations and druggability. Network-based 
methods are an integration of protein-protein interaction 
networks, gene expression data, and genetic association to 
rank therapeutic targets. Applications of graph neural 
networks to biological networks have been effective in 
drug-target interaction prediction and repurposing 
opportunities [34]. 
Virtual screening utilizes machine learning to estimate the 
binding affinity of a compound and a protein of interest and 
thus can be used to screen large chemical libraries quickly. 
Deep learning models that are trained on structural or 
fingerprint representations of protein-ligand complexes 
have a high accuracy in buy-backers versus non-buy-
backers. These methods considerably decrease the number 
of compounds that have to be tested in experiments and, 
hence, can speed up the process of hits [35]. 
6. Medical and Clinical Applications 
6.1 Disease Diagnosis and Classification 
The systematic analysis of clinical data, medical imaging, 
and omics profiles has transformed the field of medical 
diagnostics profoundly, as machine learning has been 
applied to ensure the analysis of these types of data. Deep 
learning models have reached the level of expertise in 
detecting diabetic retinopathy, neoplastic malignancies, and 
classifying thoracic radiographs [36]. Convolutional neural 
networks learn hierarchical visual features directly by 
examining images, and thus, require no manual feature 
engineering; they also learn subtle patterns that are 
suggestive of pathological conditions. 
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Multi-modal learning is the process of creating more 
diagnostic accuracy by synthesising heterogeneous data 
modalities, such as electronic clinical records, imaging 
studies, and laboratory measurements. The attention 
processes help to identify the most influential data 
modalities on predictive outputs and thus provide 
explainable information on clinical decision-making. This 
type of methodology has demonstrated significant 
effectiveness in complex diagnostic settings where data 
presented by different sources is provided as 
complementary evidence [37]. 
6.2 Precision Medicine and Treatment Selection 
Precision medicine aims at tailoring interventions to treat 
individual patients by incorporating genetic, environmental 
and lifestyle factors. Machine-learning models predict 
treatment responses by explaining the statistical 
associations between the features of patients and their 
clinical outcomes. Molecular tumor profiling has been 
shown to achieve significant effectiveness in cancer therapy 
by guiding the choice of therapy, and in pharmacogenomics, 
where genetic variations are used to determine optimal drug 
dosages [38]. 
The idea of survival analysis enhanced by deep-learning 
methods is an extension of the traditional Cox proportional-
hazard models that describe a complex, non-linear 
correlation between patient characteristics and patient 
survival outcomes. These sophisticated models combine 
omics data of high dimension with more traditional clinical 
variables to put patients into distinct risk groups and give 
them individualized prognostic estimates. Attention-based 
model design and architecture promote model interpretation 
by detecting the most influential features that drive 
predictive performance [39]. 
6.3 Electronic Health Records Analysis 
Electronic health records (EHRs) are longitudinal datasets 
in which the history of patients, diagnosis, pharmacologic 
interventions, and clinical outcomes are systematically 
recorded. The combination of deep learning approaches 
with natural language processing allows the extraction of 
structured data out of unstructured clinical narratives and, 
thus, achieves comprehensive phenotyping and predictive 
modelling of patient outcomes. Transformer and recurrent 
neural network models learn the temporal dynamics of EHR 
data and make predictions with regard to hospital 
rehospitalization, disease progression, and adverse events 
[40]. 
Privacy-conserving machine learning models, such as 
federated learning and differential privacy, provide the 
opportunity to train models in many institutions without 
necessarily sharing information on a patient-by-patient 
basis. These plans consider very important issues related to 
patient confidentiality and building strong models educated 

on heterogeneous populations. The effectiveness of 
federated learning in clinical prediction tasks has already 
been shown, showing the same performance as centralized 
training but preserving the security of the data [41]. 
7. Systems Biology and Network Analysis 
7.1 Gene Regulatory Networks 
Gene regulatory networks are complex networks of 
interrelationships among transcription factors, genes, and 
regulatory components. By applying machine learning 
models to datasets of gene expression, the networks can be 
inferred, and this can be used to predict regulatory 
relationships and identify key transcriptional regulators. 
Bayesian networks provide probabilistic network 
inferences, that is, they describe conditional relationships 
among genes with consideration of uncertainty in 
measurements [42]. 
Deep learning algorithms have enhanced network 
inference, modelled the nonlinear regulatory relationship, 
and integrated heterogeneous data modalities. Graph neural 
networks use graphs directly, and the information flows 
through the edges to optimize predictions of the interactions 
between genes. The approaches have revealed new 
regulatory networks and master regulators that participate 
in development and disease [43]. 
7.2 Metabolic Modelling 
Constraint-based metabolic modelling uses mathematical 
optimization methods to predict the distribution of 
metabolic fluxes under specified physiological conditions. 
Machine learning strengthens such models by extracting 
objective functions directly out of empirical data, and thus, 
can be used to predict the growth rates and determine the 
important metabolic genes. Addition of the transcriptomic 
evidence to the metabolic reconstructions through machine 
learning further increases the precision of context-specific 
metabolic predictions [44]. 
Neural network models have been applied to predict 
metabolic fluxes with respect to the environmental 
variables and transcriptomic profiles, bypassing specific 
processes needed to solve the constraint-based optimization 
processes. These data-intensive models are skillful in 
capturing complex genotype-phenotype interactions that 
can be challenging to replicate in mechanistic models. 
Mechanistic-based hybrid methodologies that combine 
machine learning with mechanistic understanding have a 
high potential for application in the field of metabolic 
engineering [45]. 
7.3 Protein-Protein Interaction Networks 
Protein-protein interaction (PPI) networks give important 
information on how cells are organized and map out 
functional modules. Machine-learning algorithms are used 
to deduce the interactions on the basis of sequence, 
structure, and expression information. Thus, the weakness 
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of experimental methods, missing temporal or condition-
specific interactions, is reduced. These PPI-related graph 
neural networks have demonstrated a high accuracy in the 
link-prediction tasks, which allowed the discovery of new 
protein-protein interactions and explained the functions of 
proteins [46]. 
Network strategies that employ random walks and graph-
embedding are also network-based strategies in which 
proteins can be encoded as vectors in continuous spaces. 
These embeddings enable a wide range of downstream 
analyses, such as functional annotation, prioritizing 
disease-related genes, and drug repurposing programs. 
Network embedding approaches that use deep-learning 
methods can represent more complex connectivity patterns 
and topological structures of higher order [47]. 
8. Challenges and Limitations 
8.1 Data Quality and Availability 
The quality and quantity of training data are vital to 
machine learning performance. Biological datasets often 
exhibit systematic biases, batch effects, and small samples 
compared to feature dimensionality. Noise in the form of 
experimental errors, technical variability and 
interlaboratory protocol differences can cause poor 
performance of the model. In biological settings, the issue 
of class imbalance can be quite problematic, with such 
infrequent cases as diseases or functional variants being a 
small part of the data [48]. 
Another serious problem is the quality of data annotation. 
Supervised learning requires precisely labelled training 
examples; however, biological annotations are usually 
missing, inconsistent or even outdated. Function 
annotations of proteins, such as those of protein location, 
are biased in favor of poorly studied organisms and 
biological processes. These biases are spread to machine-
learning models, which may restrict their usage to under-
studied systems [49]. 
8.2 Model Interpretability and Biological Insight 
Despite their higher predictive power, deep learning models 
often act as black boxes and thus do not reveal much 
mechanistic understanding. This opaqueness is a significant 
drawback of biological research, in which predictive utility 
is not as important as the ability to explain mechanisms. 
Saliency maps, attention mechanisms, and integrated 
gradients provide solutions by identifying input features 
that make predictions, but only a limited understanding of 
the learned mechanisms can be achieved [50]. 
The ability to extract biologically relevant information 
about machine learning models is a point of intense 
research. Models' distillation, rule extraction or similar 
methods aim to convert advanced neural networks into a 
format that people can understand, but it is quite 
challenging to represent deep neural networks in a human-

readable format. A combination of mechanistic and 
machine-learning models demonstrates potential to have 
interpretability and use data-driven inference [51]. 
8.3 Generalization and Transfer Learning 
Machine learning models may violate their generalization 
capabilities when used outside of the training distributions, 
which becomes particularly acute when using such models 
in biological contexts where an experiment, a population 
group, and a measurement technology differ significantly. 
Domain shift, referring to differences between distributions 
when training and those in the context of real-world 
applications, can significantly deteriorate predictive 
performance. An example is when models trained on known 
cell lines will tend to have reduced efficacy with primary 
tissue samples, and models calibrated on one population 
could be inaccurate when used in other demographic groups 
[52]. 
Transfer learning has a possible remedy to such 
generalization problems because it would exploit 
information obtained in similar tasks or fields. One simple 
approach here is to pre-train on large unrestricted corpora 
and then fine-tune the resultant representations to particular 
downstream tasks, a strategy that has shown good results in 
a wide range of biological problems. However, it is not clear 
under what conditions transfer learning has substantive 
advantages and how to optimize the use of pre-trained 
models in new areas. The negative transfer, i.e. the step of 
pre-training, degrades the performance instead of 
enhancing it, and may occur in cases when the similarity 
between the source and target domains is not good [53]. 
8.4 Computational Resources and Accessibility 
Training of state-of-the-art deep-learning models requires a 
lot of computational resources, including specialized 
hardware and long training times. These requirements on 
resources create barriers to entry for many research 
consortia and can result in the concentration of resources in 
well-funded institutions. Besides, training large models 
comes with a carbon footprint that creates environmental 
apprehensions, but it should be balanced with the future 
benefits of drug discovery and medical diagnostics [54]. 
Complexity in models also limits their use in resource-
constrained environments, such as point-of-care diagnostic 
equipment and health-care environments with limited 
resources. Efforts to produce small, efficient models, 
through approaches like knowledge distillation, pruning 
and quantization, are largely intended to democratize access 
to machine-learning technologies [55]. 
9. Emerging Trends and Future Directions 
9.1 Foundation Models and Self-Supervised Learning 
Large-scale pretrained systems that can be trained on big 
datasets are known as foundation models and can be fine-
tuned to a large number of downstream tasks. This 
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paradigm, which is effective in natural language processing, 
is increasingly being used in the biological context. Protein 
language models with a pretrained model, which are trained 
on millions of sequences, encode evolutionary constraints 
and structural principles that generalize well to 
heterogeneous tasks, e.g. can be used to predict structure, 
annotate functions, and predict variant effects [56] (Table 
2). 
Self-supervised learning allows models to learn using 
unlabeled biological data, or by solving pretext tasks: 
predicting masked elements of sequences and recovering 
corrupted data. With these strategies, the annotation 
bottleneck can be reduced and the richness of available 
sequences, including structural and imaging data stored in 
biological repositories, can be exploited. Since the size and 
complexity of foundation models are projected to keep 
growing, they have the potential to speed up progress in 
investigation by providing strong, general-purpose 
descriptions of biological items [57]. 
9.2 Multi-Modal and Multi-Omics Integration 
Biological systems are highly complex in both their scale 
and modalities; these can be genetic sequences, cellular 
behavior, or organism-level phenotypes. Synchronization of 
various data types has become an uphill task with 
differences in magnitude, dimension, and technical nature. 
The systems-level organization is being shown as a promise 
by multi-modal learning methods that concurrently analyze 
genomics, transcriptomics, proteomics, and imaging data 
[58] (Figure 2). 
The graph neural networks are a natural model to integrate 
multi-omics data, with the regulation between distinct 
layers of molecules being represented as nodes. The 
attention mechanisms allow the models to acquire 
knowledge about the most informative modality in a 
particular prediction, but also learn the interactions between 
modalities at the same time. Such methods have explained 
the new disease pathways and treatment options by using 
complementary types of data [59]. 

 
Figure 2: Integrating Multi-Omics Data with Artificial 

Intelligence 
9.3 Causal Inference and Mechanism Discovery 

Although machine learning is an effective tool for 
prediction, the explanation of cause-and-effect 
relationships is critical in biological studies and drug 
development. The methods of causal inference attempt to 
distinguish causation and correlation, and thus determine 
interventions that can produce desired results. Combining 
machine learning with causal reasoning is a new area of 
research that promises to enhance predictive accuracy, as 
well as mechanistic understanding [60]. 
The data from experimental perturbation provides 
important information to learn the causal relationships. 
CRISPR screens, pharmacological interventions and 
genetic interventions generate data sets that have causal 
associations. Machine-learning models trained on data 
including such perturbation can be calibrated to forecast the 
impact of interventions as well as to discover the causal 
links. With the combination of observational and 
interventional data in causal constructs, it is possible to 
speed up the target recognition and reduce the failure in the 
drug development at the late stage [61]. 
9.4 Active Learning and Experimental Design 
Active learning alleviates the issue of data scarcity by 
making a strategic choice of informative examples to be 
experimentally validated. Instead of passively learning 
through the data accessible to it, the active-learning 
algorithms generate experiments that are expected to 
optimally improve the performance of the model. Active 
learning has been demonstrated in the context of protein 
engineering to be able to identify better variants with fewer 
experiments than traditional directed evolution methods 
[62]. 
Bayesian optimization provides an active learning 
methodology that balances exploration of uncharted areas 
and exploitation of clearly characterized promising ones. 
When extended to the process of drug discovery, the 
methodologies guide the synthesis and testing of 
compounds with the most desirable properties. 
Reinforcement learning offers other models where agents 
obtain the best experimental strategies by interactively 
operating within laboratory settings. With laboratory 
automation, closed-loop systems combining machine 
learning with robotic experimentation are promising to 
discover more quickly in a variety of fields in biology [63]. 
Table 2: Machine Learning Models in Computational 
Biology 
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9.5 Quantum Machine Learning 
Quantum computing has the potential to radically change a 
group of computational activities through utilizing quantum 
superposition and entanglement. Quantum machine 
learning is an area of study exploring the use of quantum 
algorithms in learning tasks, in the hope that they can be 
useful in optimization, sampling, and pattern recognition. In 
the computational biology field, quantum computing might 
be used to complement molecular simulations, drug 
discovery, and intricate biological network analysis [64]. 
Even though hardware limits the real-world impact of 
tangible quantum benefits, quantum-inspired classical 
algorithms have proven to be promising. These have been 
developed by replacing classical computational systems 
with the principles of quantum algorithms and thus could 

provide computational benefits without requiring quantum 
hardware. With the development of quantum computing 
technology, it can also be applied in biological research to 
help in simulating molecular systems [65]. 
10. Conclusion 
Machine learning has been an essential tool in the field of 
computational biology, with demonstrated transformative 
impact on a continuum of research fields. In the protein 
structure prediction field, as well as drug discovery, in the 
medical diagnostics field, and in other biomedical uses, 
machine learning techniques have achieved breakthroughs 
that were inconceivable ten years ago. The combination of 
complex algorithms and a growing body of larger biological 
data promises an ongoing speed-up of discovery as well as 
translational activity.  
However, the application of machine learning in the 
biological sciences presents several major challenges. 
Issues that relate to the quality of the data, the model 
interpretability, generalization ability, and the capability to 
compute them are also acute and require long-term 
methodological creativity. The field should be able to 
balance the need to achieve predictive performance with the 
production of biological understanding, such that machine 
learning can be more than a black box predictor, but a 
sensible tool to understand the biological processes. 
Decentralized and fragmented approaches are likely to 
result in prospective advances of synergistic integration 
between various methodological strands. General-purpose 
biological representations, causal inference methods that 
can identify intervention points, and active learning 
strategies that can guide empirical validation are all 
suggested to influence the next generation of computational 
tools. Also, when mechanistic knowledge is blended into 
the data-driven frameworks, i.e. through hybrid 
architectures and physics-inspired learning, there is a 
possibility of obtaining approaches that will strike the right 
balance between the flexibility of machine learning and the 
interpretability of conventional modelling. 
Democratizing machine-learning tools is a prerequisite for 
extensive scientific influence. Availability of open-source 
software, easy-to-use interfaces, and extensive educational 
materials enable any researcher to use these formidable 
methodologies. With the field becoming more mature, 
reproducibility can be ensured through the introduction of 
strict guidelines regarding model validation, benchmarking, 
and reporting, and a robust comparison between competing 
approaches should become possible. 
The field of machine learning in computational biology is 
at an inflexion point and is poised to answer some of the 
fundamental questions concerning living systems as well as 
enable practical uses in medicine and biotechnology. 
Further partnership of machine-learning researchers and 
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experts in the domain will be critical towards the 
application of algorithmic advancements to biological 
insights and clinical utility. The more developed and 
sophisticated the methods are, the more machine learning 
will be influencing the way in which we explore, learn, and 
eventually manipulate biological systems in the best interest 
of humanity. 
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