Highlights in Science, Engineering and Technology IPIIS 2026
Volume 163 (2026)

The Impact of Machine Learning and Al on Bioinformatics

Lifeng miura”
Concordia International School Shanghai, Shanghai, China
* Corresponding Author Email: kevin2029123@concordiashanghai.org

Abstract. The rapid growth of biological data has fundamentally transformed bioinformatics,
challenging the effectiveness of traditional methods. This paper examines the evolving role of Al and
ML in addressing the limitations of conventional methods such as HMMs and sequence alignment
tools. Unlike rule-based approaches, ML techniques enable scalable, data-driven analysis capable
of capturing complicated and nonlinear relationships within genomic and multi-omics data. Key
applications, including genomic sequence classification, disease prediction, and multi-omics
integration, demonstrates the significant advantage of machine-driven methods in improving
predictive accuracy and expanding analytical scope. However, challenges such as model
interpretability and computational demands remain critical concerns, prompting the development of
Al frameworks that are explainable. This paper argues that rather than replacing traditional methods,
Al and ML should serve as complementary tools that enhance the overall analytical framework.
Future directions highlight the potential of generative models and decision-based machine systems
to further advance biological discovery and precision medicine.
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1. Introduction

As life sciences have become more developed than ever due to the explosive growth of science in the
twenty-first century, how humans interpret biological data has also changed fundamen- tally. Scientists
can now generate vast amounts of transcriptomic, proteomic, and genomic data at a remarkable rate
due to advancements in sequencing technology. The field of bioin- formatics has arisen to organize and
analyze such data, and it has indeed been useful and has offered many new insights into understanding
these data; however, traditional computational methods have started to struggle to keep up with the
complexity and pace. In this context, artificial intelligence and machine learning have emerged to
extract deeper meaning from biological data. These technology-based techniques not only improve
efficiency but are also reshaping how biological data are generated in areas like genomic analysis and
system-level understanding [1]. This essay argues that while conventional bioinformatics methods
and techniques remain valuable, ML and Al are fundamentally transforming the field by enabling
scalable, nonlinear, and integrative analysis of more complex biological systems.

2. Traditional Bioinformatics Methods

Before machine learning was integrated into bioinformatics, the field relied primarily on
statistical models and programmed algorithmic techniques that follow explicit rules. Tools such as
Hidden Markov Models (HMMs) were widely used to detect conserved sequence patterns and
predict gene functions. Similarly, the Basic Local Alignment Search Tool (BLAST) allowed
researchers to compare DNA or protein sequences and find similarities based on alignment scores
[2, 3]. Over the past decade, these approaches have been highly effective for well-defined problems
that we still value today. However, they rely too heavily on predefined assumptions, which limits their
ability to capture complex, nonlinear relationships in biological data. As datasets grow larger and
more multidimensional, the limitations of these traditional methods become more apparent, as they
are unable to scale efficiently or adapt to new patterns without human intervention.
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3. Machine Learning in Bioinformatics

New approaches to problems in bioinformatics are embodied by a fundamental shift toward
machine learning. Instead of relying on explicit rules, these ML algorithms can learn pat- terns
directly from data, allowing them to discern relationships that may not be immediately apparent to
human researchers or traditional methods. This is particularly relevant in biolog- ical systems, where
the interplay between genes, proteins, and environmental factors is often nonlinear and interdependent.
Supervised learning models can be trained to predict gene function or disease risk, while
unsupervised methods can uncover hidden structures within gene expression data. Consequently,
ML not only accelerates analysis but also expands the scope of meaningful questions that can be
investigated [1, 4].

4. Applications in Genomics and Disease Prediction

The influence of Al in bioinformatics is clearly demonstrated in genomics. Deep learning
models, particularly convolutional neural networks, have shown strong performance in tasks like
DNA sequence classification and mutation detection [5]. More recent developments, such as
GROVER—a model that treats DNA as a form of language—have further extended these capabilities
by capturing long-range dependencies in genetic sequences. Unlike traditional alignment methods,
which depend heavily on similarity, these models can identify functional relationships even when
sequences do not appear similar on the surface [8]. This ability to uncover intrinsic patterns represents
a major advancement in understanding genome func- tion.

Apart from genomics, Al has also transformed the field of disease prediction and precision medicine.
Linear regression and other traditional statistical approaches are often limited in their capacity to
model interactions among multiple genetic and environmental variables [4]. In contrast, ML models
can analyze high-dimensional datasets and detect subtle patterns potentially linked to disease stages.
For instance, ML techniques have been used to analyze transcriptomic data to predict conditions such
as cancer or sepsis, as they can identify key biomarkers that may not be visible through conventional
methods [6]. Such advancements contribute directly to the development of precision medicine, in
which treatments are tailored to the genetic characteristics of individual patients, thereby
improving effectiveness and reducing adverse effects [1].

5. Integration of Multi-Omics Data

Another area in which Al shows clear advantages is the integration of multi-omics data.
Biological systems cannot be fully understood by examining only a single layer of informa- tion;
instead, they require the combined analysis of genomic, transcriptomic, proteomic, and metabolomic
data. Traditionally, these data were often analyzed independently, limiting the ability to identify
interactions across multiple biological levels. However, ML models have the capability to integrate
diverse data types, allowing for a more comprehensive under- standing of complex biological
systems and processes. This deeper approach is essential for understanding multifactorial diseases
and identifying novel therapeutic targets [15].

6. Limitations and Explainable Al

Despite these advantages, the use of Al in bioinformatics is not without limitations. Lack of
interpretability remains one of the most significant concerns in ML models. While tradi- tional
methods can provide clear and transparent reasoning for their conclusions, complex Al systems often
function as “black boxes,” making it difficult to understand how specific pre- dictions are generated
[7]. This lack of transparency can limit their usefulness, especially in fields like clinical decision-
making, which require high levels of interpretability. In response, researchers have begun developing
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explainable Al techniques to improve model transparency and ensure that predictions can be
meaningfully interpreted.

7. Complementarity of Traditional and Machine-Based Approaches

In the long run, the relationship between conventional bioinformatics methods and newer
machine-based methods should not be viewed as a replacement but as complementary. Tra- ditional
approaches remain valuable for their interpretability and reliability, while ML offers the flexibility
and power needed to analyze more complex datasets. Together, these methods provide a more
complete toolkit for modern biological research.

8. Future Directions

Looking forward, one of the most promising ways machine learning could improve bioinfor-
matics is by enabling the creation of realistic synthetic biological data. Future Al models may
generate entirely new gene expression patterns or protein structures based on learned information,
rather than only analyzing existing datasets. This would be especially useful for studying rare
diseases or mutations where real-world data are very limited. Researchers could test hypotheses more
efficiently and explore possibilities that would be difficult or ex-pensive to examine experimentally
by simulating these scenarios. This idea builds on existing generative models such as GANSs
(Generative Adversarial Networks) and VAEs (Variational Autoencoders), which have already
demonstrated the ability of machines to model complex data distributions and biological sequences
[9, 10]. As technology develops, these models could move beyond replication and begin to actively
guide biological discovery.

An additional area where artificial intelligence could significantly advance bioinformatics is
moving from prediction-only systems to decision-making systems. Currently, most machine learning
models are used to identify patterns or make predictions, but future systems could take a more
active role in suggesting optimal biological or medical actions. For instance, reinforcement learning
could be used to identify efficient ways to modify genes or design treatment strategies based on
a patient’s genetic profile.  This would be revolutionary for bioinformatics, as it would shift the
field from being primarily analytical to more solution- oriented. This is already evident in
breakthroughs in deep learning for protein structure prediction, which have demonstrated how
artificial intelligence can solve complex biological problems [12, 11]. However, further
improvements would involve systems that can iteratively test and refine strategies, similar to running
virtual experiments.

9. Conclusion

In retrospect, the rise of Al marks a transformative shift in the field of bioinformatics, allow- ing
scientists to move beyond the limitations of traditional programmed approaches. While conventional
methods continue to offer transparent and reliable conclusions, Al introduces the ability to model
complex, high-dimensional systems at an unprecedented scale. Rather than completely replacing
existing techniques, these approaches work best together, forming a more powerful and adaptable
analytical framework. As Al continues to evolve, especially in areas like multi-omics integration
and causal inference, it will play an increasingly signifi- cant role in uncovering the mechanisms
underlying complex biological problems. Ultimately, this convergence will not only enhance our
understanding of life sciences but also drive the development of more precise and effective medical
treatments.
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