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

• It does not require of labelled data, 
• learns from pure raw examples before applying any constraint, as it is 

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. 
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There is a suitable technology for each training 
data modality 
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A practical notion of what is a successful 
foundation model
A FM is 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)), 
i.e. there is an improvement in the task when there is this mapping. 
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Model adaptation and downstream tasks 
• FMa were created around NLP and 

language modelling. 
• Behind any foundational model is 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 adapt it to 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
• Bag-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 

element is 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. 
• In this case, a word generates an embedding that depends on the input sequence in which it 

appears.
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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 
following diagram 

Fixed encoding for the word, a position embedding and a segment embedding 
(i.e. you are either on left of right of the masked word) at inference. 
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BERT (& II), same encoding, different tasks
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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 like HPO, 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.

10



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 like HPO, 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.

11



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 
• the payment for such services, created or used by 

• professionals, centres, laboratories, insurers, 
researchers, devices or by the patient himself. 

Examples: 
• Identifiers and demographics: name, date of birth, 

medical history number. 
• Clinical record: 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. 12



Patient trajectory FMs: E-foresight
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Foundation models from experimental data
• By leveraging the sequential/linear nature of 

information disposal biology, we can reuse with 
little practically no effort, all technological 
advances made in the NLP domain. 
• DNA is disposed in a double helix, but each thread 

within the helix is linear in nature. And so it is the 
transcription process that generates RNA from DNA. 
The global picture is there, in figure 1 of (Li et al., 
2024)

• 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

In all these 
information levels, 

we can work on 
useful foundation 

models
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Types of data from where to know about gene 
regulation to modulate transcript production

Measuring
• Transcribed regions
• Open Chromatin
• Regions associated with 

transcription factors
• Regions associated with 

active promoters, enhancers, 
transcriptional repressors

While considering 
• Tissue, cell and state specific 

measures

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

Is DNA methylated? Is the gene really active?

Which proteins are 
working with the gene 
when transcribing?

How is chromatin organised in 3D
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How does this 
data look like?
• Multiple data tracks on the same 

genome locus
• Many species
• Many tissues
• Many experimental data types
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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). 
• In oligomers, 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. 
• Examples 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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Protein states and 
spatial organization

• Normally, protein sequence and biological 
environment contribute to their soluble estate

• Sometimes they convert into nonfunctional 
and potentially damaging states

• When leading to amyloid fibrils within the cell 
it can cause cellular dysfunction and disease 
states like in Alzheimer’s, Parkinson’s and 
Type II diabetes
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Protein states and 
spatial organization

States potentially 
associated to 

disease

• Normally, protein sequence and biological 
environment contribute to their soluble estate

• Sometimes they convert into nonfunctional 
and potentially damaging states

• When leading to amyloid fibrils within the cell 
it can cause cellular dysfunction and disease 
states like in Alzheimer’s, Parkinson’s and 
Type II diabetes
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Example A: one mutation leads to sickle cell 
disease
It is a disease that changes red blood cells to 
become rigid and sticky, due to a single mutation 
at the haemoglobin gene HBB. 

A mutation leads to the formation of 
• polymer fibers, 
• red blood cell deformation, 
• This bad shape leads to vascular obstruction 

and disease
• The normal aggregation state of haemoglobin is 

a tetramer, therefore is an oligomeric protein 
composed of four globin units. 
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Example B: no mutation, different 
conformations

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 R to T, to release more 
O2. 
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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
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How does this data look like?
• The SNCA gene leads to α-synuclein, 140 aa

• Aminoacid chain: 
MDVFMKGLSKAKEGVVAAAEKTKQGVAEAAGKTKEGVLYVGSKTK
EGVVHGVATVAEKTKEQVTNVGGAVVTGVTAVAQKTVEGAGSIAA
ATGFVKKDQLGKNEEGAPQEGILEDMPVDPDNEAYEMPSEEGY
QDYEPEA

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

Residue    Atom          x                y          z
MET 1       N          10.42      14.73       8.21
MET 1       CA        11.31      15.48       7.35
MET 1       C          12.62      14.77       7.12

https://www.rcsb.org/structure/9A1A
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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 aligned 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.
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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 not 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 polymorphism. 
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The experimental 
evidence

The AlphaFold 
prediction
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The best experimental 
conformation, a 10-mer

The AlphaFold 
prediction
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But there are many others
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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

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 
GDPR breach due to lack of transparency in informing patients on how their data is being used. 

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.
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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
Examples of datasets of interest:
• Associations between viral sequences 

and virulence parameters
• viral phylogenomic sequence datasets 

linked to epidemiological data

Example AI models
• FMs that infer mechanisms of 

pathogenicity and transmissibility from 
pathogen sequencing data

• FMs that could predictably generate a 
novel replication-competent virus
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The biosecurity take on this matter (cont.)
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Our projects using this technology
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Towards disease specific foundation models

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

Approach: build specific pipeline to adapt, evaluate and 
assess from scGPT, geneFormer and others
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BlueAI, predicting antibacterial properties in 
peptides
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Tabular foundation models for causality
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