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Foundational models (FMs—large pre-trained neural architectures—are transforming modern biology
by providing universal representations learned from massive, heterogeneous, and often unlabeled
datasets. Unlike classical task-specific machine-learning models, FMs can be fine-tuned for genomics,
cheminformatics, bioimaging, and physiological signal analysis with minimal amounts of labeled data.
This mini-review summarizes key applications of DNABERT, MolBERT, DiffDock, and Segment Anything,
highlighting their advantages in accuracy, generalizability, and multimodal integration. We also outline
the potential of FMs in physiology and neurophysiology, where they may unify signals from patch-clamp
recordings, microelectrode measurements, and calcium imaging into a single analytical framework..
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INTRODUCTION

Biological data in recent years has grown
not only in volume but also in complexity,
with the curse of dimensionality making it
impossible to process everything properly.
Modern technologies such as single-cell RNA
sequencing, cryo-electron microscopy, spatial
transcriptomics, and high-throughput chemical
screening generate terabytes of heterogeneous
data each day, in addition to already existing
classic methods. One of the solutions to simplify
the processing of such vast volumes of data
includes computational methods. Traditionally,
researchers have relied on task-specific machine
learning (ML) models — convolutional neural
networks for imaging, random forests for
property prediction, or recurrent networks for
DNA sequences [1]. While powerful within
their niches, these models face several key
limitations:

Dependence on labeled data: Most require
thousands of labeled examples per task, which
is costly and time-consuming to generate.

Lack of transferability: Models trained for
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one dataset or problem rarely generalize to
another without extensive retraining.

Narrow focus: They often ignore broader
biological context, limiting interpretability and
cross-modal reasoning.

One of the ways to overcome those short-
comings is the use of foundational models
(FMs). Rather than being trained for one
purpose, FMs are pre-trained on massive,
diverse, and often unlabeled datasets to learn
universal representations of biological entities —
whether sequences, structures, molecules, or
images. Once pre-trained, they can be adapted to
new tasks with minimal effort, often achieving
top performance even when labeled data are
scarce [2].

With FMs, the difference lies in their scaling
behavior and emergent capabilities — as they
grow larger and are exposed to broader data,
they capture deeper biological principles,
enabling zero-shot generalization and transfer
across species or modalities. Another difference
between FMs and classical ML is the number
of parameters used for model operation. While
classical models may use tens to hundreds
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of thousands of parameters (weights), the
smallest FMs start from millions and can scale
up to several trillion parameters, making them
extremely heavyweight and cumbersome to
operate. Fortunately, this downside rarely
matters, since fine-tuning usually affects only
the last layers of the model — typically involving
only thousands of parameters. This keeps the
process of FM fine-tuning almost as fast as for
classical models, although inference time is
usually higher [2,3].

In this mini-review, we discuss specific
applications of FMs in biology and how they can
enhance data acquisition and analysis.

Biological Computer Vision: FacelD for cells
One of the most common challenges in modern
biology is the automated analysis of microscopy
images to identify or classify cells — a task
central to drug discovery, histopathology,
and basic research. Traditional CNN-based
pipelines require task-specific training and often
fail to generalize across imaging modalities,
experimental setups, cell types, or even indiv-
idual researchers [4,5].

The FM approach in this case is represented
by the Segment Anything Model (SAM) [6],
a foundational vision transformer originally
developed for general image segmentation,
which has been adapted for biological imaging
with remarkable success. Pre-trained on bil-
lions of images (mostly from non-biological
sources), SAM can be fine-tuned with minimal
labeled data (hundreds to thousands of images)
to segment cells, nuclei, or organelles across
diverse imaging conditions. For example, a
ready-to-use Cellpose-SAM model [7], fine-
tuned specifically for cellular segmentation, was
able to segment over 100 different cell types
from more than 20 microscopy platforms with
approximately 95% accuracy. Classical models
would require a separate network for each
condition to achieve comparable performance.
Another benefit of SAM is its embeddings,
which can serve as foundational representations
of the input data [8]. Downstream models trai-
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ned on these embeddings can classify specific
cell states (e.g., stages of the cell cycle), detect
rare phenotypes, or even predict transcriptomic
signatures from morphology.

Summing up, the use of FMs in CV-based
tasks is well justified, as it significantly
accelerates analysis while maintaining excellent
accuracy. CV-based use cases of FMs are not
limited to microscopy — they can be extended to
methods like fMRI and other imaging modalities,
accurately identifying specific brain regions.
One example includes NeuroSTORM [9],
trained on more than 20 million fMRI images,
which can be used for diagnostic and research-
specific tasks such as cognitive phenotype
classification.

Genomics and Transcriptomics: Reading the
book of DNA between the lines

FMs can work not only in CV but also in other
fields that benefit from computational pattern
recognition. One such task is understanding how
non-coding DNA regulates gene expression by
finding gene-specific promoters or enhancer
regions. Classical models such as CNN-based
DeepSEA or logistic regression classifiers can
predict enhancer or promoter activity but require
carefully curated datasets and struggle with
cross-species generalization [10].

A well-known FM in this field is DNABERT,
which applies transformer architectures to
DNA sequences by treating nucleotides as
“words” and learning context-dependent repre-
sentations of these “words.” Pre-trained on
billions of base pairs from annotated reference
genomes, DNABERT captures patterns of
motifs, chromatin context, and higher-order
syntax without explicit supervision [11,12].

When fine-tuned for enhancer prediction,
DNABERT outperforms classical models by
up to 15% AUROC and can even generalize
across species — accurately predicting enhancers
in mouse using a model trained solely on
human data. Furthermore, its embeddings
can be reused for downstream tasks such as
transcription factor binding prediction, variant
effect prioritization, or CRISPR target scoring
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with minimal retraining. Recent studies also
show that FMs(Evo2 specifically) embeddings
can be used to construct phylogenetic trees,
capturing evolutionary relationships between
species [13,14].

Chemical Property Prediction: Bringing
SMILE to science

Predicting molecular properties such as solu-
bility, toxicity, permeability, or binding affinity
is critical in pharmaceutical research and has
long been an area of computational focus.
Classical Quantitative Structure Activity
Relationship (QSAR) approaches rely on
manually or semi-automatically engineered
descriptors or task-specific graph neural
networks (GNNs), which often fail in low-data
regimes or when encountering structurally novel
compounds [15,16].

The FM MolBERT [17,18], a BERT-style
chemical language model, is pre-trained on
tens of millions of SMILES strings (a compact
textual representation of molecular structure,
e.g., CCO for ethanol) using masked-token
prediction. The model learns deep chemical
semantics — capturing both local substructures
and global molecular context — representing each
molecule as a set of embeddings.

When fine-tuned for ADMET prediction
on the MoleculeNet [19] benchmark dataset,
MoIBERT consistently outperforms classical
GNNs and ML-QSAR methods, improving
prediction accuracy by 5-20% while requiring
an order of magnitude less labeled data.

The power of MoIBERT lies in its trans-
ferability: a single pre-trained model can predict
solubility, logP, blood-brain barrier permeability,
and toxicity without retraining from scratch.
It can even generalize to molecules outside its
original training domain. Moreover, MolIBERT
embeddings enable zero-shot similarity search
and few-shot virtual screening — capabilities
unavailable to traditional QSAR models.

Molecular Structure and Interaction Pre-
diction: making a difference with a DiffDock

Predicting how small molecules interact
with proteins is fundamental to drug design,
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yet classical computational methods such as
docking — which rely on physics-based scoring
functions — are slow and often inaccurate for
flexible ligands or novel binding sites.

The FM DiffDock [20], based on a diffusion
architecture for generative modeling, learns
the distribution of plausible protein—ligand
complexes. Pre-trained on millions of binding
poses from the PDBBind database [21], DiffDock
can generate likely docking conformations in
a single forward pass — making inference far
faster than classical docking and several orders
of magnitude faster than molecular dynamics
simulations. On the PoseBusters benchmark
[22], DiffDock achieves a top-1 success rate
(within 2 A RMSD deviation).

Biophysics and physiology: clamping the
patch

Physiological regulation arises from a symphony
of interacting systems — neural, endocrine, and
metabolic. Historically, each has been analyzed
in isolation simply because joint modeling
was computationally unfeasible. Foundational
models, however, are built to handle multimodal
data and could finally bring these signals
together.

A future physiological FM could be trained
on diverse recordings — from microelectrodes,
patch-clamp traces, or calcium-imaging data —to
detect and classify events like neuronal firing
or ion-channel gating. Going further, it could
perform generative forecasting, predicting how
unseen physiological events might unfold under
different conditions.

Although such a model doesn’t yet exist
publicly, benchmarks like MIMIC-III and the
PhysioNet Challenges provide ready frame-
works for developing and evaluating it [23,24].

Summary: Sometimes Bigger Really Is Better
Classical ML models are elegant and efficient,
but usually excel only within narrow boundaries.
Foundational models, by contrast, are heavy,
expensive, and unwieldy — yet they often brute-
force their way across tasks and modalities with
unmatched generality.
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A single pre-trained FM can now anchor
dozens of downstream applications, cutting data
requirements, improving interpretability, and
bridging previously separate biological domains.

So far, FMs dominate where data naturally
come as images, sequences, or tables. But
extending them into biophysics — from ion-
channel recordings to whole-organ physiology —
could open an entirely new frontier. Sometimes,
as it turns out, hammering nails with a microscope
is exactly the right kind of madness.

0. Mexencbkuid, JI. Kpapuyk

3ACAJTHAYI MOJIEJI B BIOJIOT'Ti: KOJX
3ABUBATH I BAXHW MIKPOCKOIIOM -
OIJIKOM CJYIIHA IJEA

Incmumym @isionoeii im. O. O. Bocomonvyss HAH Ykpainu
olegmezh(@biph.kiev.ua

3acanuunyi mozeni (Foundational Models, FMs) — e Benuki
MIOTIEPEIHFO HATPEHOBAHI HEHPOHHI apXiTEKTypH, SKi Gop-
MYIOTh YHIBEpCaIbHI MPEACTABICHHS, HABYCHI HA MACHBHUX,
TETEPOreHHUX Ta YaCTO HEAHOTOBAHHX OI10TOTIYHHX JAHUX.
Ha BinMmiHy Bif KITacCHYHUX MOZAETICH MAITMHHOTO HaBUYAHHS,
1110 OPi€HTOBAaHI Ha BUKOHAHHS By3bKHX 3aB/laHb, FMs MOXHa
e(EeKTUBHO IOHABYATH /IS aHAJII3Y JAaHUX Y TEHOMILli, XeMOiH-
(dhopmarwuii, Oionoriyniil Bizyamizamii Ta ¢izionorii HaBiTh 3a
YMOB 00OMEXEHO KITBKOCTI pO3MIYCHUX MPUKIAIIB. Y IEOMY
KOPOTKOMY OIVISIII PO3IISIHYTO KJIFOYOBI 3aCTOCYBaHHS MOJIC-
neit DNABERT, MoIBERT, DiffDock i Segment Anything,
ITiAKPECIICHO iXHIO BUIILY TOYHICTh, YHIBEpCAIBHICTH Ta 3/1aT-
HICTB 70 iHTerpamii KiIbKOX TUIIIB 0i0J0riyHuX naHuX. OKpe-
MO 00rOBOPIOIOTHCS EPCIIEKTUBHY 3aCTOCYBAHHS 3aCaJHUUHNX
Mozeneld y ¢izionorii Ta Heipodizionorii, e BOHH MOKYTh
00’€JHYBaTH CHUTHAIH METY-KIEMITy, MIKPOCIEKTPOIHUX Ta
KaJIbLI€BHX 3aIIUCIB y €IMHY aHATITHYHY TUIaT(opmy.

KirouoBi cinoBa: 3acagHu4l MOJENl; MAalIMHHE HAaBYaHHS,
DNABERT; MolBERT; DiftfDock; Segment Anything; 6ioirgop-
MaTHKa; HeHpodi3i0Morisy; MeTY-KIeMIT; aHaITi3 300paKeHb.
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