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DESCRIPTION
Recent years have seen artificial intelligence enter laboratories as
more than a tool for data handling now algorithms and models
participate directly in prediction, design, and discovery in
molecular life sciences. Modern biochemical research depends
more on methods that can perceive patterns in massive datasets,
forecast molecular behaviour, and accelerate how new enzymes,
metabolites, or pathways are explored. Some of the fastest
advancement comes where learning systems meet molecular
modelling, synthetic biology, and omic scale studies.

One of the most visible changes lies in protein structure
prediction. Tools built with deep neural network architectures
now infer three dimensional folding of protein sequences with
accuracy once reachable only through experimental
crystallography or cryo electron microscopy. The speed by which
a new protein candidate’s fold can be hypothesised permits many
more cycles of design and testing in silico, reducing costs and
time. As examples have been reported, some models trained on
large databases of known protein structures now generalize even
to novel sequences with low similarity to database entries. This
opens access to functionalities not yet observed in nature.

Metabolic pathway analysis has also benefited. AI models ingest
metabolomic, transcriptomic, or proteomic data from cells
under various conditions and estimate fluxes, bottlenecks, or
regulatory points. Simulations that once required manual
curation of differential equations can now be approached by
hybrid models that combine data driven inference with
mechanistic constraints. These hybrid models perform well even
when data are sparse, and they allow perturbation experiments
in silico to guide which gene knockouts or enzyme
overexpression experiments deserve prioritization in the lab.

Synthetic enzyme engineering is another area of rapid growth.
Directed evolution has long relied on screening large mutant
libraries; now, machine learning aids in reducing the search
space by predicting which sequence variants will fold stably or
show better catalytic efficiency. In selected studies, researchers
use generative models (like language models adapted to amino

acid sequences) to propose candidates enriched for activity. 
Subsequent laboratory validation confirms that many proposed 
candidates meet or exceed thresholds expected from random 
mutagenesis, often with fewer rounds of iteration. This reduces 
resources spent on synthesis and screening and accelerates 
functional discovery.

Bioinformatics pipelines are critical in this context. Pipeline 
components such as quality control, feature extraction, 
alignment, normalization, and statistical modelling are being 
automated or semi automated with AI assistance. One review of 
recent literature describes models for disease genomics that 
incorporate multilayer data (genomics, epigenomics, 
transcriptomics) to improve predictions of disease subtype and 
outcome. These pipelines also include visualization tools that 
allow researchers to inspect which features contributed most 
strongly to model decisions, giving insight and enabling 
refinement of experimental design.

Drug discovery workflows receive equally profound change. 
Virtual screening against molecular targets, docking, and 
therapeutic candidate ranking are being enhanced by models 
that learn from bioactivity data, off target effects, ADMET 
(absorption, distribution, metabolism, excretion, toxicity) 
profiles, and chemical space exploration. Generative chemistry 
platforms suggest molecules with desired physicochemical 
properties, and predictive toxicity models estimate risk earlier in 
design, reducing attrition in development pipelines.

Challenges remain. Data quality varies: missing values, 
measurement noise, batch effects between labs or instruments 
can mislead models. Overfitting (where a model performs well 
on training data but poorly on new data) remains a concern, 
especially when the number of parameters in a model is large 
compared to the number of true independent samples. 
Interpretability is another issue: knowing why a model made a 
certain prediction or what molecular features it considers 
important is necessary for experimental follow up and trust in 
applications with health or safety implications.

Ethical and regulatory concerns surface when human or patient 
data are involved. Privacy of omic datasets and patient derived
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material demands strict oversight. Reuse of data must comply
with consent, and predictive models must be validated in diverse
populations to avoid bias. Also, deployment of AI tools in

diagnostics or therapeutic contexts requires evidence of
reliability, reproducibility, and safety under varied conditions.
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