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What is a foundation mode anyway?

A'foundation model (FM) is any model that

* is trained on large corpus of data,

* using self-supervision and

* that can be adapted to a wide range of downstream tasks once trained.

Generally speaking, they are based on deep neural networks as the way
of representing and training the models.

What is actually new is the growth rate (size) they follow, with an ever
growing rate year by yeat.

Thanks to this scale, one distinctive capability is zero-shot learning, i.e.,
showing capabilities for which they were not explicitly trained.



Self-supervised learning

* [t does not require of labelled data,

* learns from pure raw examples before applying any constraint, asitis
imposed by supervised learning when you tell the system how many
classes are there and examples of them.

* Avoiding constrained learning makes it possible for these models
to learn the foundations about the training material.

* FMs perform dimensionality reduction
* Increases level of information representation
* Enables discovering more accurate associations within data
* Improve more restrictive downstream tasks.



There is a suitable technology for each training
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A practical notion of what is a successful
foundation model

A FMis a non-liner and context-dependant representation

mapping from the original space to a new space, from input
examples domain X, to a vectorial space Z of d dimensions

A FM that works, for a downstream task T, and and a way to
measure improvement in the task, I(T), we have that for the majority
of x in X, it holds that

I(T(FM(x))) > I(T(x)),
l.e. there is an improvement in the task when there is this mapping.

Briefings in .
Bioinformatics
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Progress and opportunities of foundation models in bioinfornatics
Qing Li, Zhihang Hu, Yixuan Wang, Lei Li, Yimin Fan, Irwin King, Gengjie Jia, Sheng Wang =, Le Song =, Yu Li =



Model adaptation and downstream tasks

FMawere created around NLP and
language modelling.

Behind any foundational modelis the
idea of transfer learning.

With a foundational model we are
training the model in a basic and general
task, and we use this to adaptitto a
slightly different task, within the same
domain, e.g., language.

Pretraining refers to the creation of the
foundational model.

Fine-tuning refers to model adaptation
to a specific downstream task.
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How did we get here?
Representing text documents/fragments

. B%g-of-words: no explicit representation of the sequence, just tokens (i.e., words) in
a bag.

* If there are |V| elements in V, then any document is represented by |V| elements, and the i-th
elementis the count of how many times the i-th element in V appears at the document.

» Static word embeddings: for each word, it focuses on the word surroundings.
* The representation is still a vector of real numbers, between 256 and 1024.

* Creates vectors that are similar for words with similar context (i.e., the words that likely
appear around them).

» Static as there is a fixed representation for each token (see Word2vec and Glove).

* Contextual embeddings: We still assume that the meaning of a word is determined
by its context, but its representation should be adapted to each particular
occurrence.

* Inthis case, a word generates an embedding that depends on the input sequence in which it
appears.



BERT (Bidirectional Encoder Representations
from Transformers, 2018)

BERT incorporates the attention mechanism introduced by Vaswani and
colleagues in their landmark 2017 paper, Attention Is All You Need The
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BERT (& Il), same encoding, different tasks

BERT encoder blocks
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Foundation models in medicine

FMs in medicine are FMs trained on data related to human disease.

* Patient trajectory foundation models: based on medical data, and electronic
health records. Models like Delphi (Shmatko et al., 2025), Foresight 1 & 2, and the
latest, Foresight England (Ellershaw et al., 2026) are trained on patient trajectories.

* FMs on biological/experimental data: biological data underlying the processes
that may generate disease, e.g., molecular data, i.e. foundational models in biology.

* FMs based on Knowledge: medical ontologies like SNOMED-CT, disease
ontologies ﬂke HlI:l’O, the Gene Ontology describing genes and how they organise and
act within the cell.

* And naturally we have a specific type of neural network, GNNs, to deal with this type of data.
GNNs produce embeddings for graphs too.
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Patient trajectory foundation models

Trajectories can be formed with any information that
describes a person's state of health,

* your medical history,

* the provision of health services or

Visual e arkinson's disease
* the payment for such services, created or used by My"’ —— g;i,y '“w'y :l rrrrrrrr
* professionals, centres, laboratories, insurers, ® k — e @) ey s
researchers, devices or by the patient himself. e U e G A I
Examples: e e e P
* |dentifiers and demographics: name, date of birth, -
medical history number. e

* Clinicalrecord: diagnoses, procedures, constants,
allergies, medication, lists of problems, clinical notes.

* Diagnostic: laboratory results, pathology reports, imaging
(DICOM), signals (e.g., ECG)

* Administrative: complaints, invoicing, authorizations.

* Devices and sensors: wearables, home monitors, medical
devices.

* Genetics, omics and biomarkers. Data reported by the
patient.

ARTICLES - Volume 6, ssue 4, E261.£290, April 2024 - Open Access
Foresight—a generative pretrained transformer for modelling of patient timelines
using electronic health records: a retrospective modelling study

Zeljko Kraljevic, MSc *¢ - Dan Bean, PhD ** - Anthony Shek, PhD ®< - Rebecca Bendayan, PhD ¢ - Prof Harry Hemingway, PhD %/
Joshua Au Yeung, MBBS b< - et al. Show more

Dementia
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Patient trajectory FMs: E-foresight

-
Training Data Start: 2018-11 Training Data End: 2023-12
! 1
: 2020-12 |COVID Testing >
: 1
1 % 2 1
: 2020-01 [COVID Testing : Train (48.8M patients)
; : 61M
Primary Care E Alive on 2019-11 E patients
! 1 1
Secon&Iary Care: A&E, Admitted Patient, Critical and
Outpatjent Care E
; : Val (6.1M patients)
Deaths: E > L Test (6.1M patients) Temporal
: : a A
< . i > - [ [ [ [ [ I I -
- [ [ [ I I | [ 4
2018 2019 2020 2021 2022 2023 2024 2018 2019 2020 2021 2022 2023 2024

Near Year

Foresight-England: Develoy of a National-Scale
Generative AT Model of Electronic Health Records for
Medical Event Prediction across the COVID-19

Pandemic
Simon Ellershaw™?  Christopher Tomlinson*":>*¢  Zeljko Kraljevic *
Spiros Denaxas 14567 Harry Hemingway b7 Cathie Sudlow *

Angela M. Wood &% 11121314 anoosh Sun 1435 Richard Dobson 134716



Foundation models in medicine

FMs in medicine are FMs trained on data related to human disease.

* Patient trajectory foundation models: based on medical data, and electronic
health records. Models like Delphi (Shmatko et al., 2025), Foresight 1 & 2, and the
latest, Foresight England (Ellershaw et al., 2026) are trained on patient trajectories.

* FMs on biological/experimental data: biological data underlying the processes
that may generate disease, e.g., molecular data, i.e. foundational models in biology.

* FMs based on Knowledge: medical ontologies like SNOMED-CT, disease
ontologies ﬂke HlFl>O, the Gene Ontology describing genes and how they organise and
act within the cell.

* And naturally we have a specific type of neural network, GNNs, to deal with this type of data.
GNNs produce embeddings for graphs too.
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Foundation models from experimental data

* By leveraging the sequential/linear nature of
iInformation disposal biology, we can reuse with
little practically no effort, all technological
advances made in the NLP domain.

* DNAis disposed in adouble helix, but each thread
within the helix is linear in nature. And so itis the

transcription process that generates RNA from DNA.

The global picture is there, in figure 1 of (Li et al.,
2025) p g (

* There are three main task groups we can focus
on:
* study of the sequence to better understand it
* prediction of structure,
* prediction of function.
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The link between biology and disease

Level Variable functions and effects
Genotype
Genetic and
DNf epigenetic variants
Transcript
1 L g \é
ranscript quantity N\ 8
mRNA and sequence =
-
Different phenotype levels
- Protein quantity, . %‘
Protein structure and function J‘ 2
i~ ';n- \
P
Multimer Structural interactions

Abnormalities in
PAH deficiency

Variants in the
PAH gene

Abnormal transcript
amount and/or sequence

Abnormal amount, stability,
activity and/or regulation of
PAH enzyme

Some variants interfere with
active tetramer formation

Treatment strategies in
PAH deficiency

In all these
information levels,
we can work on

Potential gene therapy

useful foundation
models
Potential mRNA
replacement therapy
Pharmaceutical supplementation
of the cofactor tetrahydrobiopterin
stabilizes mutant proteins
nature reviews genetics hitps://dol.org/101038/541576-023-00574-0
Review article M Check for updates

Mendelian inheritance revisited:
dominance and recessiveness
in medical genetics

Johannes Zschocke @', Peter H. Byers @** & Andrew O. M. Wilkie®*
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The link between biology and disease

Genotype

DNA

|

Variable functions and effects Abnormalities in
PAH deficiency

Genetic and —HEHHHHHHH Variants in the

epigenetic variants = PAH gene

Transcript
Transcript quantity
MRNA and sequence
Different phenotype levels
i Protein quantity,
Frotein structure and function
Multimer Structural interactions

Treatment strategies in
PAH deficiency

Potential gene therapy

e Abnormal transcript
amount and/or sequence

Abnormal amount, stability,
activity and/or regulation of
PAH enzyme

Some variants interfere with
active tetramer formation

In all these
information levels,
we can work on

useful foundation
models

RNA

t therapy
Pharmaceutical supplementation
of the cofactor tetrahydrobiopterin
stabilizes mutant proteins

naturereviews genetics hitps:/dol.org/101038/541576-023-00574-0

Review article

| Check for updates

Mendelian inheritance revisited:
dominance and recessiveness
in medical genetics

Johannes Zschocke®'

,Peter H. Byers @ & Andrew O. M. Wilkie®*
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Types of data from where to know about gene
regulation to modulate transcript production

Hypersensitive Sites

Measuring
* Transcribed regions
* Open Chromatin

* Regions associated with o P -
transcription factors ‘.:\\ A

O RNA polymerase

* Regions associated with BE DNase-seq || ChIP-seq ||WGBS Computational || RNA-seq eCLIP
S PR RS
transcriptional repressors

While considering // l \G:nes ﬂi‘./

* Tissue, cell and state specific : == 7/ ==
measures e | T g

How is chromatin organised in 3D

Is DNA methylated? Is the gene really active?

Is chromatin accessible?
Where are active promoters and enhancers? Where is
transcription repressed?

Which proteins are

working with the gene

when transcribing?
18



How does this
data look like?

* Multiple data tracks on the same
genome locus

* Many species

* Manytissues

* Many experimental data types

WashU Epigenome Browser
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The link between biology and disease
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Predicting protein sequence

*Protein conformational state: 3D arrangement adopted by a protein molecule.

* Same sequence can generate different conformations depending on molecules binding to
the protein and chemical environment.

* Protein aggregation state: describes how the molecules of the same protein
associated with one another, e.g.,
* as monomers (single protein molecule),

* oligomer (complex formed by a small number of molecules/subunits, as dimers, trimers,
tetramers, pentamers).

* Inoligomers, when the number of molecules is larger, we talk about fibrils (larger repetitive
structure aggregates of molecules), including amyloid fibrils.

* Amyloid fibrils: long structures characterised by beta-sheets as the basic 3D
structure

* Very stable, elongated structures.

. Examﬁles of proteins leading to this include Tau, APP (amyloid-beta), alpha-syn (SNCA). All of
them have very different sequences and functions, yet they convert to cross-beta amyloid

architecture (Chiti & Dobson, 2017).
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Example A: one mutation leads to sickle cell
disease

It is'a disease that changes red blood cells to e G o gyt i cop ac e

Figure 1: Genetic alterations in HBB.

&
become rigid and sticky, due to a single mutation " SRR o®
&

at the haemoglobin gene HBB. | mEEmEEE
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Example B: no mutation, different

conformations

~

Low O, affinity ‘
J/

B-globin tetramer >’/
L Y, R state

. T state —DL
Same protein

We should account for many factors, not only sequence.

Erythrocytes, the cells containing haemoglobin, pass
through different places, lungs, blood, muscle,, and then
lungs again.

In lungs, the environment favours an R state due to oxygen
abundance.

If the muscle is exercising, there is a less O2 abundance,

making haemoglobin switching from Rto T, to release more

02.

High O, affinity

Oxygen

N\ I transport

high O,
Lungs = @ — O, loaded

Working muscle

\

low O3, highCO», low pH
—

— Oy released
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Same protein leading to different folding can
lead to different...

* Protein-protein interactions
* Membrane interactions

* Stability

* Cellular uptake

* Seeding

* Propagation

* Toxicity

* Antibody recognition
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The protein folding problem

Defined as the question of how a protein’s amino acid sequence
dictates its three-dimensional atomic structure (Dill et al., 2008).
This can be decomposed into three subproblems

* The folding code: what balance of interatomic forces in
thermodynamics lead to the structure of the protein for a given

amino acid sequence

* Protein structure prediction: the prediction of the protein’s
native structure from the sequence

* Folding: from the perspective of kinetics, what routes or
pathways some proteins use to fold so quickly

NNUAL REVIEW OF BIOPHYSICS Volume 37,2008

Review Article
The Protein Folding Problem

Vol. 37:289-316 (Volume publication date June 2008) H i.org/10.11 biophys.37. .092707. .153558



https://www.rcsb.org/structure/9A1A

How does this data look like?

*)| The SNCA gene leads to a-synuclein, 140 aa { ( /

* Aminoacid chain:
MDVFMKGLSKAKEGVVAAAEKTKQGVAEAAGKTKEGVLYVGSKTK
EGVVHGVATVAEKTKEQVTNVGGAVVTGVTAVAQKTVEGAGSIAA
ATGFVKKDQLGKNEEGAPQEGILEDMPVDPDNEAYEMPSEEGY
QDYEPEA

* Inthe Protein Data Bank, the experimental data about it
would include (Nitrogen, alpha Carbon and Carbon atoms)

Residue Atom X y z

MET1 N 10.42 14.73 8.21
MET1 CA 11.31 15.48 7.35
MET1 C 12.62 14.77 7.12

RCSB PDB ‘ .



AlphaFold foundation model

*'AphaFold predicts the 3D coordinates for all the heavy atoms for
a given protein, based on
* the primary amino acid sequence and alighed sequences of homologues
* Working at atom level, it looks at pairs of residues.

* If two residues A and B, are closed together in the folded protein,
and we had a mutation in A, then evolution would favour
sequences with a compensatory mutation in B

* Two close residues should co-vary. Therefore, this might help predicting
structure as A and B interact.

* AlphaFold uses such evolutionary information together with
templates (i.e., known 3D structures) from homologous proteins
to infer structure. And its output is, for a sequence of L residues,
a tensor of L x N atoms per residue x 3, being the 3 dimensions x,

y and z coordinates.




High prediction accuracy for folded proteins
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Why Parkinson’s disease is so hard to
Investigate with foundation models

Parkinson is a disease that belongs to a family of diseases called
alphasynucleopathies
* characterized by the pathological accumulation of misfolded and aggregated alpha-synuclein in the nervous system.
 DLB and MSA are the other.

This SNCA protein, 140 amino acids, is hot associated with a single 3D structure

It is an IDP (intrinsically disordered protein), which means that in the cytosol it does
not show a stable tertiary structure, instead it can adopt many interconverting
conformations.

States influence behaviour.
When bind to cell membranes, half of the disordered monomer transforms into an
alpha-helix-like protein

When interacting with other alpha-syn molecules, it forms oligomers (multimers):
dimers, trimers and larger assemblies, this generates a variety of structures and,

hence, functions

When compounding a fibril, i.e., many, many molecules at the same time, there is

also fibril polymorp%ism.
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The best experimental
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DNA
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RNA
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'

But there are many others

High-throughput data
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Foundation models:

Transformer | BERT | GPT | VAE | GAN | Diffusion

O Prediction Tasks

B Generation Tasks

.

0 Genome-wide
variant effects

O DNA cis-regulatory
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0 DNA methylation

0O DNA-protein
interaction

Transformer | GAN
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O RNA splice site
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O ncRNA and
disease association

Transformer | VAE

Figure 1. Foundation models in bioinformatics.
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0O Cell clustering
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integration
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INFORMATION SCIENCE

Foundation models in bioinformatics

Fei Guo'?, Renchu Guan ©2, Yaohang Li*, Qi Liu®,
and Jianxin Wang ©' ¢

éasm Wang ©5, Can Yang
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Conclusions to the first part

* Foundation models are notoriously data-hungry, FMs in
medicine and biology are no exception

* The nature of this data is heterogeneous
* May include sensible data like EHRs and genetic data

But, are foundation models compromising our privacy?

* The context of data governance

* Data governance defines who can use data, for what
purposes, under what conditions, and with what
safeguards.
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The data governance barrier problem,
paradigm shift

* Usually data can’t leave the institution where it is maintained.

* What happen when infrastructure providers are outside the data source
environment?

* Secure data environments (SDE) become the norm.

* With FMs on medical data there is a paradigm shift

* |In conventional biomedical research, protected patient data serves an analysis
and some aggregate results are published.

* FMs imply that outcome of analysis is a model of millions to billions parameters
that may contain critical data from patients

* Should we allow model parameters to leave the secure environment?
Who can use those and what type of access should be use with them?
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The data governance barrier problem,
examples

Foresight-E

The NHS (UK) paused data access after the governance committee questioned its use to train the model. Even
though they concluded in April 2026 no GDPR breach, the project's access to the NHS England (SDE) is
stopped.

DeepMind and acute kidney injury m

The Royal Free London NHS Foundation Trust gave DeepMind access to records from 1.6 million NHS

patients to develop software for patients at risk of developing acute kidney injury. Investigation concluded Roya| Free London
GDPR breach due to lack of transparency in informing patients on how their data is being used. NHS Foundation Trust

All of Us dataset restrictions

An EEUU dataset of more than 800K enrolled participants, with WGS (500K), approximately 500K EHRs, 600K of
physical measurements and more than 750K surveys, RNA-seq ~ 9K and proteomics for ~ 10K wit also
longitudinal clinical and phenotypic information.

* Users can work with the data within their Researcher Workbench
* No ML model built there can leave the system. m) National Institutes of Health

Turning Discovery Into Health
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The data governance barrier problem: four
barriers

* Purpose compatibility: were the data collected/approved for FM
training?

* Patient transparency: would patients reasonable expect this
use?

* Model Export: can weights trained on protected data leave the
SDE

* Secondary uses of the model: can others fine-tune and/or
deploy it for purposes not in the original approval?
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The biosecurity take on this matter

Sciences  NATIONAL
N /\T | O N /\ L Rt :RCEASgEM\Es
/\C /\ D E M I E S Medicine Washington, DC

The Age of Al in the
Life Sciences

Benefits and Biosecurity Considerations

Committee on Assessing and Navigating
Biosecurity Concerns and Benefits of
Artificial Intelligence Use in the Life
Sciences

Board on Life Sciences

Division on Earth and Life Studies

Computer Science and
Telecommunications Board

Division on Engineering and
Physical Sciences

Committee on International Security and
Arms Control

Policy and Global Affairs

Consensus Study Report

Examples of datasets of interest:

* Associations between viral sequences
and virulence parameters

* viral phylogenomic sequence datasets
linked to epidemiological data

Example Al models

* FMs that infer mechanisms of
pathogenicity and transmissibility from
pathogen sequencing data

* FMs that could predictably generate a
novel replication-competent virus

40



The biosecurity take on this matter (cont.)

« Economic disruption
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Towards disease specific foundation models

Replication

OOOOOO

A
Hypothesis: single-cell RNA-seq models of case/control ; ik "
datasets can be adapted to a specific disease to increase '
what we know know with state-of-the-art conventional ML e .

Approach: build specific pipeline to adapt, evaluate and
assess from scGPT, geneFormer and others
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BlueAl, predicting antibacterial properties in
peptides

CapsNet
Transformer
Attention
SSM

GNN

PLM

CNN

RNN

Model type

MLP
GLM
KNN
Ensemble trees

SVM
FKNN

O Machine Learning

O Single

iAMP-2L O

O

/7

[:] Ensemble

AMP
Scanner

Deep Learning

AmPEP  Macrel

iAMPpred O O O

//

4

2013 2016 2018 2020 2021

PepNet PLAPD
Ma et al.
(2022)
L | KT-AMPpred
AMP- )
LMPred BERT AMPFinder
| | )
|
! I AMP- ! I
| RNNpro
m ! GEU- ‘ MSCMamba AME.
. CAMP,, AMP50 L i CapsNet
AMPIify DLFeadAMPGen MultiAMP
AMP-
GSM
amPEPpy AMPpred-EL AGRAMP  PyAMPA Bha(r%glz.lsﬁtal.
2022 2023 2024 2025 2026
Year

development platform
for marine
environments
sustainability

START EXPLORING |

cooRoTHATED PROJECT BlueAT
ouRaTION 48 nonths
APPLIGATION Scope Maz Menor - Rias Baixas
cooRoTNATING THSTITUTION University of Murcia (UMU)
Lean prs Antonio F. Skirnota Gémez - Juan A. Botia Blaya

suspRodECTS. BlueAT-UNU - BlueAL-UPV - BlueAI-USAL - BlueAL-Uigo

bioRyiv

THE PREPRINT SERVER FOR BIOLOGY

New Results A Follow this preprint

Antimicrobial peptide databases and prediction tools: Toward a standard

evaluation framework

Maria A. Esteban,
Juan A. Botia

Alvaro M. Gonzalez-Lépez, © Aspasia Vozi,
Alvaro Sanchez-Ferrer,

Alejandro Cisterna-Garcia,
Adrian Egli, © Catherine Juczeler,

doi: https://doi.org/10.64898/2026.05.19.726290

Jose Palma,

44



Tabular foundation models for causality
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