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SUMMARY

For machine learning models in molecular biology, explanation is as important as prediction. Encoding prior
knowledge and treating interpretability as a first-class design objective accomplish both. We provide design
elements and a checklist for the next generation of foundation models in molecular biology that are as inter-

pretable as they are powerful.

INTRODUCTION

The first draft human genome, assembled and released in 2001,
achieved data collection and analysis at a scale unprecedented
for biology." In the two decades since, our ability to generate
large-scale datasets capturing biology at every resolution has
only increased. Where Mendel reasoned about seven discrete
traits across a garden of pea plants, the modern biologist
must make sense of whole genomes in giga base pairs, tens of
thousands of genes across millions of single cells, and millions
of pixels per image. The features that carry the signal are
numerous, continuous, and entangled and few of them have
names. Machine learning and Al provide an avenue for analyzing
these data.

Outside the life sciences, the reflexive answer to escalating
data complexity has been to match the increase in data with a
corresponding increase in model size. We add more parameters,
more pretraining, more compute, and we let capacity absorb
what we do not know how to specify. A language model trained
on text in a hundred languages will translate between a pair it
was never explicitly trained to translate. Biological foundation
models are built on the same idea. A foundation model is trained
once at scale on broad data and then adapted to many specific
tasks, which lets a downstream lab fine-tune on a cohort far
smaller than training from scratch would require (Box 1). Train
on enough examples, and the model will learn something general
about biology, enough to transfer to a new assay, tissue, or dis-
ease from a small number of labeled cases.

This approach is especially valuable in biology because, in
many important settings, dataset sizes are fixed and cannot
easily be expanded, either because of cost or fear of introducing
batch effects. A simple model trained on a single dataset may
lack power or may fit noise before it fits biology. A foundation
model mitigates these specific risks because it already “knows”
some biology by virtue of having seen hundreds of thousands of
samples and so the small dataset only has to specialize that
knowledge rather than build it.

But the use of foundation models as a backbone introduces
other risks —the risk to interpretability and the risk of propagating
unstated biases. Many groups will typically reuse a published
foundation model, so a wrong prior or an opaque representation
stays inside and propagates to every group that adapts it. Inter-
pretability therefore has to be a construction-time property. The
consequences of these risks are amplified in biology because
verifying by experimental validation carries a much higher tem-
poral, monetary, and moral cost than many other disciplines. A
reader can check LLM-generated text by reading it in seconds,
and a bad paragraph costs a rewrite. Checking a biological
model’s claim that a molecular pathway drives resistance in a
patient costs an experiment, a cohort, or a trial. The answer ar-
rives months later, and the cost includes misformulated animal
studies and suboptimal patient outcomes.

Importantly, very often in biology and medicine, the explana-
tion itself is a key part of the question and what the model has
to deliver. Understanding which component of a machine-de-
signed antibody makes it bind is important for development of
future medicines. Understanding which genes are implicated in
disease state prediction informs the selection of novel targets
and understanding which pathways are implicated in drug
response prediction helps define mechanisms of resistance
and response.

Accordingly, this piece is a call to action for a new landscape of
foundation models in molecular biology that are interpretable,
not just predictive. We describe design elements to guide the
development of such models, grouped into four core principles.
First, encode biological priors so that they constrain a model
rather than decorate it. Second, make a constrained model inter-
pretable rather than merely labeled. Third, interrogate and
simplify a trained model. Finally, validate the model and its pre-
dictions. Few foundation models yet apply these principles at
scale, so many of our examples are established, interpretable
models built for a single task. We suggest resources for encod-
ing prior knowledge (Figure 1), design elements to make founda-
tion models interpretable by construction (Table 1), and a
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Box 1. Terms used in this article

Ablation: removal or corruption of one component of a model, followed by re-evaluation or retraining, in order to measure the
contribution of that component.

Attention head: one of several parallel operations within a transformer layer, each computing the influence that every element
of the input exerts on every other.

Attribution: a method that apportions a prediction among the input features. Saliency maps, Integrated Gradients, and SHAP
are attribution methods.

Backbone: the pretrained component of a foundation model, which downstream tasks reuse without modification.
Concept bottleneck: a layer of human-specified variables through which every prediction must pass. Because the prediction
depends on the input only through these concepts, a concept can be set to a chosen value and its effect observed in the output.
Contrastive objective: a training objective that draws pairs designated as similar together in the embedding space and sep-
arates other pairs.

Embedding: a vector representation that a model computes for an input such as a cell, a molecule, or a protein. Distances
within this space encode the similarity the model has learned.

Equivariance and invariance: properties that specify how a model’s output must respond to a transformation of its input. An
invariant output is unchanged by the transformation. An equivariant output undergoes the corresponding transformation. SE(3)
denotes the group of rigid rotations and translations in three dimensions. An SE(3)-equivariant model therefore returns an equiv-
alent structure under any choice of coordinate frame.

Fine-tuning: adaptation of a backbone to a downstream task by continued training on labeled examples. The parameters of the
backbone are updated.

Foundation model: a model trained once at scale on broad data and subsequently adapted to multiple downstream tasks. The
initial training is termed pretraining.

Frozen embeddings: embeddings obtained from a backbone whose parameters are held fixed.

Graph-Laplacian penalty: a training penalty that increases with the difference in value between connected nodes. It discour-
ages departure from a curated graph without prohibiting it.

Latent space: the space of embeddings a model can produce. A latent dimension is a single coordinate of that space.
Likelihood: the probability a model assigns to the observed data under its assumptions. A negative binomial likelihood accom-
modates discrete counts that exhibit greater dispersion than a Poisson model permits, as observed in single-cell data.
Linear probing: adaptation of a backbone by training a separate, typically linear model on its embeddings. The parameters of
the backbone remain unchanged.

Masked connectivity: a binary matrix that fixes selected weights at zero, restricting the network to the connections the prior
permits.

Message passing and graph convolution: an operation that updates each node from the values of its neighbors in a graph.
Repeated application propagates information along paths in the graph.

Pruning: removal of parameters, nodes, or edges from a trained model while performance is preserved. Structured pruning
removes entire units rather than individual weights.

Token and token vocabulary: the discrete units over which a model operates. In biological models a token may denote a gene,
a residue, or a named transcriptional regulator. The vocabulary is the fixed set of tokens available to the model.

checklist for authors and reviewers to consider when evaluating
foundation models (Table 2). As the field moves from isolated
biomarkers toward richly featured, multimodal representations
of biology, interpretability, and visibility must be intrinsic to the
models themselves for their outputs to be actionable.

ENCODING PRIOR KNOWLEDGE

Molecular biology is unusually rich in structured knowledge,
curated over decades of experimental work. Much of it now ex-
ists in machine-readable form, from ontologies such as Gene
Ontology (GO)?' to interaction networks such as STRING.?? A
model that ignores these resources must recover known biology
from data that are finite and expensive to produce. Where the
data do not determine the answer, the model is free to fit a tech-
nical bias, a batch effect, or a shortcut feature instead. An en-
coded prior removes that freedom. It supplies the part of the
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answer that is already known, so the data are spent on the
part that is not.

A prior earns its place in a model by excluding or penalizing
something that goes against it. If the encoded structure does
not narrow or reweight the set of hypotheses the model can ex-
press, it is decoration rather than a constraint. Encoded priors
carry the biases, omissions, and errors of the resources that pro-
duced them. Functional gene-gene or protein-protein interactions
measured in a systematic assay, from literature curation or from
computational inference all enter the model in the same form, so
the choice of resource dictates the level of evidence behind the
prior. Encodings should therefore consider inclusion of a mecha-
nism to overrule the prior when the data disagree. One mecha-
nism softens the prior. A hard prior permits no deviations, whereas
a soft prior acts as a guide. A masked weight matrix is a hard prior
that forbids a connection, and its soft analog is a graph-Laplacian
penalty that discourages departures from known interactions but
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Undirected graph
nodes, unsigned edges

PRIOR Physical and functional interaction;
co-membership

Directed, signed graph

PRIOR Regulation and causal influence

Q Hierarchies and sets

Graph convolution or message passing on the adjacency matrix; graph-Laplacian
regularization of weights; masked connectivity between layers; one attention head per
network

SOURCES STRING (Szklarczyk 2023); BioGRID (Oughtred 2021); IntAct (Del Toro 2022);
HuRI (Luck 2020); OmniPath (Tiirei 2021)

Directed message passing; signed linear operator applied to expression; constrained
transition or propagation matrix in a dynamical model

SOURCES DoRothEA (Garcia-Alonso 2019); CollecTRI (Miller-Dott 2023); TRRUST (Han
2018); ENCODE cCREs (2020)

Rooted DAG

multiple inheritance, nested containment

PRIOR Hierarchical organization of function
and structure

Tree

single inheritance, ultrametric or additive
distances

PRIOR Shared ancestry and descent

Set membership
flat cover; overlapping sets

PRIOR Program, pathway, and complex
membership

e Order along a chain

Layer-by-layer masked connectivity mirroring the DAG, so each hidden unit is a named
system (“visible” architectures)

SOURCES Gene Ontology (Ashburner 2000); Reactome hierarchy (Milacic 2024); NeST
(Zheng 2021); Cell Ontology (Diehl 2016)

Column- and row-wise attention over an alignment; coevolutionary coupling terms; tree-
structured priors on parameters or latent states

SOURCES Multiple sequence alignments and species phylogenies; Zoonomia and phyloP
constraint (Genereux 2020); CRISPR lineage-tracing data

Binary mask on a decoder or first hidden layer, so one latent unit maps to one annotated
program; sparse factor loadings

SOURCES MSigDB Hallmark and C2 (Liberzon 2015); KEGG (Kanehisa & Goto 2000);
WikiPathways (Pico 2008); CORUM (Tsitsiridis 2023)

1D chain

ordered positions, translation structure

PRIOR Sequence order, motif syntax,
genomic distance

o Geometry and space

Convolution as translation-equivariant motif scanning; dilated receptive fields; distance-
aware attention; thermodynamic binding parameterization

SOURCES JASPAR (Castro-Mondragon 2022); HOCOMOCO (Kulakovskiy 2018); CIS-BP
(Weirauch 2014)

Euclidean geometry
SE(3): rigid rotations and translations

PRIOR Rigid-body symmetry, distance
geometry, physical realizability

Spatial neighborhood graph
2D/3D tissue coordinates

PRIOR Physical proximity and local
microenvironment

Equivariant or invariant attention and message passing on coordinates; triangle-inequality-
consistent pair updates; frame-based coordinate prediction

SOURCES PDB (Berman 2000)

Graph convolution over the neighborhood graph; niche-level latent variables; latent
dimensions tied to annotated ligand-receptor programs, with de novo programs learned
alongside

SOURCES k-nearest-neighbor or Delaunay graphs built on measured coordinates; ligand-
receptor priors from OmniPath or CellPhoneDB

Figure 1. Structured priors in molecular biology organized by topology
Two priors with the same topology are encoded the same way, whatever their biology: a signaling network and a spatial neighborhood graph both become
message passing, and an ontology and a protein-complex hierarchy both become masked, layer-wise connectivity. Resources are identified by name, first

author, and year.

allows a new interaction when backed by the data. Another way to
permit the model to learn novel biology while incorporating priors
is to allow for de novo terms beside the annotated ones. Spectra,
which factorizes single-cell expression under a gene-set prior,
shows what such a term can yield.” Of 197 factors inferred to
describe breast tumor immune cells, 26 depended little on the

prior gene-set knowledge base. One of these, a macrophage pro-
gram, matched no input gene set, expanded only in patients who
did not respond to anti-PD-1, and reappeared in an independent
cohort. A de novo term earns its place by capturing what the sup-
plied annotation cannot express, whether or not the field already
knows it.
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Table 1. Design elements for interpretable foundation models, the models that exemplify them, and where each could be extended

Design element

Exemplar and what the prior buys

A model that could be extended

The extension and what it would
provide

Match the encoding to the

topology; the mathematical
object should represent the
biological structure faithfully

Choose a hard or a soft constraint
deliberately; prefer soft where the
prior is a curated resource that
may be wrong or incomplete

Make the prior narrow or reweight
the hypothesis space; a structure
that does neither is decoration
rather than a constraint

Base the objective function on a
biological target; a model should
be trained to recover real biology,
not an arbitrary target

Draw the names of visible units
from a trusted resource, not from
intuition

Novae (Blampey et al.),” a spatial
transcriptomics foundation
model; builds a Delaunay graph
over cells and encodes it with a
graph attention network, so a
niche is a neighborhood rather
than a coordinate (Figure 1,
spatial neighborhood graph); a
cell’s representation is built from
its neighbors, which is the unit a
spatial domain is defined over

spectra (Kunes et al.),” a factor
model of single-cell expression;
represents input gene sets as a
gene-gene graph and estimates,
for every factor, how far it departs
from that graph (Figure 1, set
membership, encoded as an
undirected graph); the departure
is therefore reported: of 197
factors, 171 stayed close to the
graph and 26 did not

AlphaFold2 (Jumper et al.),° a
protein structure predictor;
encodes a physical symmetry in
frame-based attention, so a
predicted fold does not depend
on the coordinate frame (Figure 1,
Euclidean geometry); orientation
is removed from what the
network must learn, and the
symmetry holds for every input

Orthrus (Fradkin et al.),’” an RNA
foundation model; positive pairs
are splice isoforms of one gene
and orthologs across 400+
mammalian species (Figure 1,
tree); the objective therefore
states an explicit hypothesis that
evolutionary relatedness predicts
shared function; pairs the trained
model holds apart become
candidates for isoform-specific
or lineage-specific function

ChromBERT (Yu et al.),”® a
foundation model of
transcriptional regulation; takes
about 1,000 named transcription
regulators from a curated
chromatin immunoprecipitation
sequencing (ChIP-seq)
compendium as its token
vocabulary, fixed before training
rather than labeled afterwards;
each token a user reads is a
named regulator
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TANGLE (Jaume et al.),® a slide
representation model; encodes
the transcriptome as a flat 1,000-
gene vector through a three-layer
perceptron

MutationProjector (Kong et al.),®
a tumor-genotype foundation
model; confines each encoder
unit’s eight attention heads to
eight curated interaction
networks with a binary mask

CellVQ (Wang et al.),'® a single-
cell foundation model; adds a
trainable ontology embedding to
the gene and position
embeddings, ahead of twelve
standard transformer layers

scGPT (Cui et al.),'? a single-cell
foundation model; masks a
subset of gene-expression
values in each cell and trains the
model to reconstruct them

CellWhisperer (Schaefer et al.),'
a chat interface to
transcriptomes; aligns each
transcriptome with a free-text
summary that a language model
writes from the sample metadata

enter the transcriptome as
named pathway tokens, as
SurvPath does with several
hundred Reactome® and
Hallmark® terms (Jaume et al.)’; a
slide-level prediction could then
be attributed to named pathways
rather than to one pooled vector

replace the masks with a graph-
Laplacian penalty or add a ninth
unmasked head and report which
de novo edges appear; both
these options provide a path for
the model to learn new
interactions, while still leveraging
the structure provided by the
input knowledge graphs

freeze the ontology embedding or
penalize departure from it, route
its edges through restricted
attention, and report how
predictions change when the
prior is removed, randomized, or
contradicted; the ontology might
then narrow what the model can
express, and a reader could tell
how much of a prediction it
carries

draw the mask from biology, for
example from a perturbation
experiment or an interaction
network, so biology sets what the
model must recover; the
objective might then state a
hypothesis, as the Orthrus
objective does; the scGPT
authors themselves name
perturbation and temporal data in
pretraining as a direction of
interest

anchor the text side on human-

curated terms such as MSigDB®
gene sets; each direction in the

joint space might then refer to a
term a reader can look up

(Continued on next page)
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Table 1. Continued

Design element

Exemplar and what the prior buys

A model that could be extended

The extension and what it would
provide

Pass the prediction through
named concepts and admit de
novo terms alongside them; the
concepts carry the annotated
explanation, and the de novo
terms expose the biology the
annotation leaves out

Parameterize the model
mechanistically; each learned
parameter or each term of the
output should be a quantity with
its own meaning, so an
explanation is read from the
model rather than estimated
from it

Incorporate the process that
produced the data; the model
should encode how the
measurement was made and not
only what it measured

CB-pLM (Ismail et al.),’® a protein
language model; every prediction
passes through named Swiss-
Prot concepts alongside an
explicit unknown embedding for
information the curated
vocabulary does not capture; a
concept can be edited and the
effect read from the output, and
the unknown embedding shows
where the vocabulary ends

MACE-OFF (Kovécs et al.),’® a
force field for organic molecules;
decomposes total energy into a
sum of per-atom terms, with
forces as the analytic gradient
(Figure 1, Euclidean geometry);
the energy assigned to an atom is
exact, because the per-atom
terms sum to the prediction; the
decomposition is a property of
the output; the weights that
produce each term carry no
individual meaning

SaProt (Su et al.),"® a protein
language model; pairs each
residue with a Foldseek 3Di state
in a 441-token vocabulary,
carrying AlphaFold structure only
where it was called above pLDDT

Novae (Blampey et al.),” a spatial
transcriptomics foundation
model; assigns every cell to a
learned prototype, under a
constraint that spreads
assignments evenly

MoLFormer (Ross et al.),'” a
chemical language model;
predicts a molecular property
from the mean of the last hidden
state

Geneformer (Theodoris etal.),’® a
single-cell foundation model;
represents each cell as a rank
ordering of its genes, with no
assay or batch covariate and no
likelihood over counts

add an unknown prototype
exempt from that balancing and
report what fraction of tissue
lands there; every cell now
receives one of the learned
domains, including tissue unlike
any seen in training; an unknown
prototype might flag such tissue,
as the unknown embedding does
in CB-pLM

predict a decomposable
quantity, a sum over atoms or
fragments, so a property can be
attributed to the atoms that carry
it; the published attention
analysis describes the
representation, and a
decomposable output might
describe the prediction as well;
not every property is additive
over atoms, so the extension
applies only where one is

add a count likelihood with library
size and batch as covariates, as
scVI does,?° and report whether
rank ordering still helps; technical
variation might then be modeled
rather than left to the embedding

70, so the token records how far
the structure can be trusted

to absorb

Each design element is a construction-time choice. The checks that verify a model once it is built are given in Table 2. The models are examples
rather than a complete set, and several satisfy elements beyond the one they appear under. Where a topology in Figure 1 applies to an exemplar,
column 2 names it. Columns 3 and 4 describe one model per element that could be extended to follow it and state the extension. These models
were chosen because their designs are strong and widely adopted, which is what makes the extension worth making. Each extension is a

possibility whose benefits and trade-offs remain to be assessed. Models are identified by name, first author, and year, and each is entered in the

numbered reference list.

A prior is a hypothesis about biology, and each kind carries a
different one. Such assumptions are distinct from the errors
and biases of a resource. The hypothesis is carried by the en-
coding rather than by the resource, so a prior can fail where
the resource behind it is accurate. An interaction network as-
serts that genes joined by an edge behave similarly and that
assertion fails wherever an edge carries the opposite sign in a
different tissue. A hard mask asserts that the curated resource
is complete because the model cannot express an interaction
that the resource omits.

Choosing a prior involves two additional decisions: which
biological structure to trust and which mathematical object
represents that structure faithfully inside a differentiable model
(Table 1). Priors can be used to provide the model with knowledge
about the biology being studied, physical constraints driving these
systems, the data generation process and, for foundation models,
the relationships a pretraining objective must capture.

Our DCell approach® and successors such as P-NET,*

KPNN,?® GenNet,”® and NeST-VNN?" are examples of neural net-
works that provide a direct biological scaffolding to the model by
restricting the connections in a multilayer perceptron to a curated
ontology, turning the neural network into a “visible” representation
of the cell, where each node corresponds to a gene, assembly, or
system and each edge denotes membership. A very different kind
of prior is one of those used by AlphaFold2, whose frame-based
attention encodes a physical symmetry, so a folded shape does
not depend on its coordinate frame, and orientation is removed
from what the network must learn.® AlphaFold3 supplies the
same prior by a different route. Its diffusion module is not equivar-
iant, and its authors state that no invariance or equivariance with
respect to global rotation and translation is required in the architec-
ture, so they omit it.”® The symmetry is supplied during training
instead by rotating and translating each structure at random. The
two routes differ in what a reader may assume. An enforced

Molecular Cell 86, October 15, 2026 4101



¢? CellPress

Molecular Cell

Table 2. A checklist for interpretable-by-construction models

Question

What a satisfactory answer states

Checks of explanation quality

Does removing or isolating a visible
unit change the prediction?

Is every path that departs from the prior
or bypasses the visible units reported?

Is each unit’s contribution reported across
training runs and not from a single seed?

Is each element that carries an assumption
removed or scrambled and its contribution reported?

Do different attribution methods agree?

Is the reduced structure reported and
scoped to one task and dataset?

a unit was removed, set to a fixed value, or used alone, in the trained model or in
a model trained again, and the change in performance is reported for each task
each route by which signal reaches the output without passing through a

red unit is named, and the share of the prediction it carries is quantified

the contribution was measured in runs that differ only by seed, and the

variation across runs is reported

every prior, objective, and architectural constraint was removed or randomized in
turn, and the change in performance is reported for each task whose explanations
are read

a second method from a different family was applied to the same model,

and the two rankings are compared

the reduced model is reported with the task and dataset it was scoped

to and with its performance against the full model

Checks of predictive performance

Is utility shown on more than one task?

Is accuracy compared against a strong
single-task baseline?

Do frozen embeddings place biological
and technical replicates close together?
Do frozen embeddings use the
dimensionality of the space efficiently?
Is accuracy reported for every

regime interpreted?

performance is reported on tasks that differ in label and in biology
and not only in cohort

a single-task model trained on the same data is reported, and it is
one a practitioner would use

replicates of one biological state, and one sample measured twice,
occupy the same region of the space

the number of dimensions that carry variation is reported, rather
than the nominal width of the layer

accuracy is reported separately for every cohort, task, and condition
whose explanations are read

Checks of biological validity

Has a prediction been tested outside the training
data, and was the test computational or experimental?

the prediction was tested on data withheld from training, and the report
states which of the two kinds of test was made

symmetry holds for every input. A learned one holds where training
covered it, and that is a claim to be checked. Such symmetry can
come from biology rather than physics. Caduceus holds a DNA
strand and its reverse complement equivalent, so agenome model
is not left to discover that they are the same molecule.” A prior can
also describe the data generation process, as in scVI, which en-
codes discrete, overdispersed single-cell counts in a negative
binomial likelihood with batch and library-size covariates.”® In a
recent benchmark of clustering and batch integration, scVI
matched or outperformed transformer-based models carrying
more than an order of magnitude more parameters, none of which
encode the measurement process.*° Finally, Orthrus is a founda-
tion model trained contrastively on transcript pairs, either splice
isoforms of one gene or orthologs across species, so the objective
states a hypothesis that evolutionary relatedness predicts shared
function."" Transcript pairs that the trained model holds apart are
then candidates for isoform-specific or lineage-specific function.

In a foundation model, the reach of a prior is limited in two
ways. A prior in the architecture or the pretraining objective is
fixed for everyone who adapts the backbone, so a downstream
lab inherits it and cannot correct it. Only a prior added at adap-
tation is still open to that lab. SurvPath is a transcriptomics
and histopathology-based multimodal model that leaves its
foundation model-derived histopathology encoder frozen and
encodes the transcriptome as several hundred Reactome and
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Hallmark pathway tokens.® The prior thus sits only in the task
model. Experiment-guided AlphaFold3 adds a prior one stage
later still. Restraints from nuclear magnetic resonance, crystal-
lography, and cryogenic electron microscopy are imposed at
inference on a released backbone, by a group that never trained
it, recovering conformational ensembles the backbone does
not otherwise produce.’’ The authors of that backbone had
removed the priors their own predecessor carried, and a down-
stream group supplied one from outside. A prior can also be by-
passed inside the model. A skip connection, a parallel path, or an
extra embedding carries signal around the constrained struc-
ture, so the model can predict well for a reason the prior does
not carry. Where such a route is left open, the interpretability
claim covers only the share of the signal that still passes through.

When choosing priors, authors should state which resource
each came from, which mathematical object encodes it, whether
it is held hard or soft, and what route the data has to overrule it.

INTERPRETABILITY BY CONSTRUCTION

Embedding prior biological knowledge in a network is an effec-
tive way to constrain what it should and should not learn. But a
constrained model is not necessarily an interpretable one.
Interpretability is a separate design objective. An ontology or
an interaction graph narrows the hypothesis space, yet the
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variables inside the resulting network may remain distributed
across many units, correlated with one another, and entangled
in ways that no biological label resolves. We turn again to
scVI’'s example. It encodes a genuine prior, the negative-bino-
mial noise model of the assay (see above, encoding prior
knowledge). It is accurate, but its latent space is not directly
interpretable: the nonlinear decoder spreads each biological
signal across many dimensions, which are read out only by clus-
tering. Replacing that decoder with a linear one, as in LDVAE,
holds the prior and the encoder fixed and turns each latent
dimension into a gene-loading vector that names a transcrip-
tional program.®?

A model is interpretable by construction when it asserts,
before training, that a given internal variable stands for a given
piece of biology. We call such a variable a visible unit, after the
visible representation of the cell and tissues above, whether it
is a subsystem node, a biochemical concept, an attention
head, or a latent dimension. Several design elements make a
unit readable (Table 1). No model follows every element. Novae
presents both as an exemplar and as a model that could be
extended, and our own MutationProjector is among the models
that could be extended. Some architectural families deliver
several of those elements at once, and the four below are repre-
sentative rather than exhaustive. First, concept bottlenecks
route a prediction through a layer of human-specified concepts.
In CB-pLM, that representation combines several hundred hu-
man-specified Swiss-Prot concepts with an explicit unknown
component for information outside the vocabulary. A named
concept can be inspected and edited, and the effect of that
edit read from the output, while the unknown component makes
the limits of the concept vocabulary explicit.'® Second, visible
neural networks encode a hierarchy, so each hidden unit is
one subsystem that can be perturbed on its own.?” Third,
modular architectures partition the computation along known
biological boundaries: MutationProjector assigns each attention
head to one molecular interaction network, so message passing
is confined to relationships specified in advance.® Fourth, mech-
anistic parameterizations give each learned parameter its own
meaning: CellBox fits ordinary differential equations to perturba-
tion data, so every parameter is a signed, directed interaction be-
tween molecular species.

A foundation model offers two stages at which a user can
extract an explanation, and the builder decides what is available
at each. At the pretraining stage, the object of study is the back-
bone, the part trained once on broad data and reused un-
changed by every downstream task. At the fine-tuning stage, it
is the task model that a downstream lab trains on top of the back-
bone, on its own labels. Visible units make both readable.

MutationProjector shows the result at both stages. Its pretrain-
ing projects a tumor’s alterations onto interaction networks
drawn from curated resources, so the pretrained model reports
the affected networks of a tumor before any downstream task
exists, and the same projection reconstructs held-out muta-
tions.® Applied to immunotherapy and chemotherapy resistance
across several cancer types and cohorts, it returns named bio-
markers, including KMT2D alteration in immunotherapy sensi-
tivity and joint alteration of SMARCA4 and STK11 in resistance.
The explanation at each stage arrives in the units a biologist
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already uses, networks and genes, because those units were
built into the model.

How much of the explanation ascribed to a unit survives adap-
tation depends on whether the weights of the backbone change.
A frozen backbone keeps every visible unit and every check
made on it. MutationProjector is used this way, since each clin-
ical task trains a random forest on the fixed embedding.® Fine-
tuning updates the weights. A hard constraint such as a mask
survives, because it is part of the structure, but the weights in-
side it change, so a unit keeps its name and can change its
contribution. A soft penalty or a learned property carries no
such guarantee, so the checks must be repeated on the fine-
tuned model.

Omitting visible units from the architecture moves the burden
of interpretability to the downstream user of the foundation
model. Recovering biological meaning from the model’s embed-
ding dimensions takes a separate analysis of the backbone,
whose success is discovered after the fact. Authors should state
what a user can extract at each stage and ship whatever makes
extraction possible.

Interpretability of this kind is a property of the model itself, es-
tablished at construction, and it is distinct from post hoc expla-
nations (considered in the next section below), which are proper-
ties of an analysis applied to a model already trained. The labeled
internal components or visible units that permit a model to be
checked are the same components that permit controlled inter-
vention on it, in which a concept is set and its consequence re-
corded, and this capacity allows a model to be used as an instru-
ment for generating hypotheses rather than only as a predictor.
Setting a visible unit and recording the consequence produces
a hypothesis. The unit’s label is a claim about the model
that this variable stands for that piece of biology. Whether the
biology behaves as the label implies is a separate claim, and vali-
dating it requires an experiment (see below, computational and
experimental validation).

INTERROGATING AND SIMPLIFYING MODELS

Once a model is trained, two operations ask what it has learned.
Attribution describes the trained model as it stands, while abla-
tion changes it and reads the consequence. Attribution is there-
fore a description, and ablation is a test.

Attribution methods divide into two families. Gradient and prop-
agation methods read the model’s sensitivity to each input from
its internals, as saliency maps, Integrated Gradients, DeepLIFT,
and the Shapley-value methods SHAP and DeepSHAP do. In sil-
ico perturbation methods change the input and record the
response, as saturation mutagenesis and occlusion do.** Both
families report which features drive model performance, which
is often conflated with those features driving biology. An attribu-
tion can rank a feature highly when it only covaries with a true
driver that was not measured, so the biological claim needs
external experimental validation.>® Sparse autoencoders are a
recent development and offer another related way to interrogate
a distributed representation by splitting it into a much larger set
of sparsely active features.*®

Atypical biological model has too many parts to remove one at
atime, so the ablations worth running target each logical unit that
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carries an assumption, such as a biological prior (see above,
encoding prior knowledge). The ablation method has to match
the shape of the encoded prior. Rerunning with a degree-preser-
ving random graph, or a shuffled assignment of genes to sets,
separates a model that made real use of the biology from one
that exploited only the shape of the constraint.

A smaller model is easier to interrogate, and in biology parsi-
mony is often a first-class concern rather than a modeling pref-
erence. A model that retains fewer parameters, nodes, or edges
is easier to interrogate because there are fewer units to name
and fewer candidate explanations to enumerate. It is also easier
to operationalize: a five-gene biomarker panel deploys in clinics
worldwide on cheap, simple assays, whereas a signature that
demands whole-genome sequencing does not. Sparsification
and structured pruning reduce both model complexity and assay
burden. When pruning removes every predictive path from an
input gene, it also performs feature selection and can reduce a
500-gene signature to a deployable five-gene panel. The pruned
model, not the fully parameterized one, is then the object un-
der study.

Pruning a trained model is not without risk, especially for
foundation models. A part that contributes nothing to the pre-
training objective may be exactly what a later fine-tuning task
requires and that task is not visible at the time of pruning.
More generally, pruning finds the parts sufficient for the predic-
tion task but not the parts sufficient for the biology. Parsimony
is therefore a claim about one task and one dataset, and it
should be scoped to them rather than read as a statement
about the biology.

COMPUTATIONAL AND EXPERIMENTAL VALIDATION

Foundation models are not built for a single task. They are back-
bones for fine-tuning, which updates their weights on a few
labeled examples, or linear probing, which trains a separate
model on their frozen embeddings. Computational assessment
of a foundation model should therefore take a different form
than for a single-task model. Accuracy has to be reported across
the range of downstream tasks the backbone might plausibly be
adopted for and against a strong single-task model on each. The
representation itself must also be assessed. Inputs that a biolo-
gist would treat as equivalent should sit close together in that
space. A chemical foundation model that places canonical and
non-canonical SMILES for one molecule far apart is representing
the notation rather than the chemistry, a test that many current
models fail.>” The latent space can also be assessed without la-
bels. RankMe reads the effective rank of the embedding matrix
from its singular values and shows how many of its dimensions
a model actually uses.*®

In molecular biology, a machine learning model is rarely the
final product. Its output feeds a decision to commit bench
time, reagents, and biological material: a target to pursue, a
molecule to synthesize, and a condition to screen. The stan-
dard is no different for a foundation model, whose deliverable
is the hypothesis that reaches the bench rather than its
test-set accuracy. A model that does not make that path
straightforward moves the work onto the downstream user.
Visible units shorten it, because a unit that stands for a
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pathway, a concept, or a regulator names something that can
be manipulated in the physical world.

Geneformer demonstrates this path. Fine-tuned to separate
cardiomyocytes from failing and non-failing hearts, it nominated
GSN and PLN as targets whose inhibition should move diseased
cells toward the healthy state. CRISPR knockout of both in
TTN-+/— cardiac microtissues improved their contractile stress.'®

A CHECKLIST FOR INTERPRETABLE-BY-
CONSTRUCTION MODELS

The requirements above reduce to a set of questions an author
can answer in the methods of a paper and a reviewer can check
(Table 2). They fall into three kinds. Checks of explanation quality
ask whether the visible units carry the prediction and whether
what the model reports is what it used. Checks of predictive per-
formance ask whether the model is accurate enough, and across
enough regimes, for its explanations to be worth reading.
Checks of biological validity ask what has been tested outside
the data the model was trained on. Authors should also state
what a user can extract at each stage, since a released back-
bone, a fine-tuned model, and a frozen embedding do not offer
the same access. We provide a worked example, applying this
checklist to a model of our own (Box 2).

OUTLOOK: DESIGNING BETTER FOUNDATION MODELS

Many foundation models in biology have copied the transformer
from the domain of human language but not the reason it works
well there: masked-token pretraining learns the structure of lan-
guage, but it does not on its own capture complex biological in-
teractions within a cell. This is most apparent in the field of sin-
gle-cell transcriptomics, where in several recent benchmarks,
scale-only single-cell foundation models have failed to outper-
form strong simple baselines consistently.*%>°

Each earlier section in this article supplies a piece of what
designing interpretable foundation models that properly leverage
the structure of biology could look like. The priors and structure
that constrain a single-task model (Table 1) can be built into a
foundation model, so that part of what it knows is specified rather
than learned (see above, encoding prior knowledge). Parsimony,
linearity, and modularity can be selectively used to make models
interpretable by construction (see above, interpretability by
construction). Task-specific models can be interrogated, pruned,
and simplified to generate in silico hypotheses about new biology
(see above, interrogating and simplifying models). And finally,
these interpretable components can be extracted to feed the
next iteration of experimentation (see above, computational
and experimental validation).

Each of these goals requires that interpretability be built into
the model. This requirement does not by itself deliver any of the
goals themselves, which is why the checks above accompany
the design elements. The backbone of a released foundation
model may feed clinical and other high-stakes decisions, and
adoption will require predictions that can be checked at the point
of use. Adesign thatis interpretable by construction supplies that
check to a user who did not build the model. Post hoc analysis
complements such a design, and it is the only option for a model
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Box 2. Applying the checklist to MutationProjector

We apply the checklist to a model of our own, so that every answer can be given in full, including the answers that record a check
we did not run. MutationProjector is pretrained on 30,328 solid tumors across ten cancer types, representing alterations in the 468
genes of a clinical sequencing panel. Each encoder unit carries eight attention heads, each confined to one of eight curated mo-
lecular networks, covering physical binding, transcriptional regulation, phosphorylation, ubiquitination, genetic interaction, DNA
damage repair, STRING, and PCNet. Two encoder units give sixteen heads in total (Kong et al.).?

Each row restates one question of Table 2 as a requirement, in the same order. Satisfied means the published work meets it.
Partially reported means the work supplies part of what the requirement asks for. Not reported means the check was available

and was not made.

is shown to change the prediction

Every path that departs from the prior
or bypasses the visible units is reported

Each unit’s contribution is reported across
training runs and not from a single seed

Each element that carries an assumption
is removed or scrambled and its
contribution reported

Attribution is shown to agree
across methods

partially reported

not reported

satisfied

not reported

Requirement Verdict What the published work provides
Checks of explanation quality
Removing or isolating a visible unit satisfied each of the eight networks was used alone, which sets the other heads to

zero, and performance is reported per task and cohort; the variants show
that the eight networks differ in content

covariate nodes connect to every gene in every head, so a gene-to-
covariate-to-gene path runs outside the curated networks; the mask
forbids a direct departure from the prior, and this path permits an indirect
one; the share of the prediction that belongs to this path is not quantified

the masks fix which network each head reads, so a head has the same
meaning in every training run; the contribution of each head was measured
in one run; a repeat of the readout across seeds is a direct extension

three families, reported per task and per cohort across two supplementary
tables: each pretraining task removed in turn, the graph removed, and the
graph randomized; shuffling node labels costs almost nothing on cancer
type, 0.838 against 0.837, and a great deal on drug response, 0.68 falling to
0.53 for bladder chemotherapy

feature importance is read from attention weights; occlusion is native to this

model, which is trained by masking genes and would supply a second
method at no architectural cost

and technical replicates close together

Frozen embeddings use the
dimensionality of the space efficiently

not reported

The reduced structure is reported and satisfied eight single-network variants are reported per task and cohort; one carries

scoped to one task and dataset 359 interactions against 19,789 and matches the full model on several
tasks

Checks of predictive performance

Utility is shown on more than one task satisfied masked alteration recovery, cancer type, lymphocyte status,
immunotherapy in four cohorts, chemotherapy in two, metastasis, and
tissue of origin

Accuracy is compared against a satisfied logistic regression, random forest, and a matched graph network trained

strong single-task baseline without pretraining and the clinical biomarkers in current use

Frozen embeddings place biological satisfied tumors of one type from MSK-IMPACT and The Cancer Genome Atlas

(TCGA) share latent-space regions; prediction held on a cohort sequenced
with a different panel

the transfer embedding has 180 dimensions and the final layer 10; neither
was assessed for effective rank

data, and the kind of test is stated

Accuracy is reported for every satisfied reported per cohort with confidence intervals for every task whose
regime interpreted biomarkers are interpreted

Checks of biological validity

A prediction is tested outside the training satisfied immunotherapy response was tested in three independent cohorts and

chemotherapy response in one, with metastasis and tissue of origin tested
in further held-out cohorts; one immunotherapy cohort was sequenced on
a different gene panel from the pretraining data; every test is computational

Eight requirements are satisfied, one is partially reported, and three are not reported. The satisfied requirements cover predictive
performance, validation, and the removal of each prior. The checks that remain act on the trained model, and a report of them
would provide additional context to users of the released backbone.
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that was not built for inspection. Reporting standards for predic-
tive models already exist,*® and they cover code, data, and split
release. We would extend them. Authors should make explicit
their assessment and inclusion of interpretable priors and design
elements at every stage of modeling. Reviewers and editors
should use the included checklist to evaluate new models on
interpretability. Which questions bear on a model depends on
its design and its claims, and some will not apply. The require-
ment we would set is that the answers be reported, in the way
journals now ask for data availability.

One open direction is to describe how a visible unit behaves
across biological contexts. In current practice, construction fixes
what a unit stands for, so a unit that maps to a pathway maps to
that pathway in every tissue. Its contribution to a prediction can
differ between tissues, however. Methods that report this
contextual variation would show a user where an explanation
transfers and where it does not.

Two further directions are open. The first is incorporating new
knowledge. Curated resources are revised continually, and a
prior built into a released backbone stays as it was on the day
of training. The field needs ways to revise an encoded prior
without retraining the backbone, and soft priors that report
where a model departs from its resource, so that what the model
learns can return to that resource. The second direction is to
develop methods that measure how far a new input lies from
the data a backbone was trained on. A foundation model is
adapted to assays, tissues, and diseases it did not see in
training, and its explanations can be trusted only where its pre-
dictions are trustworthy also. A model can be trusted only on in-
puts that resemble its training data, so a user needs a way to
measure that resemblance for each new input.

When building models, molecular biology can rely on more
than just larger scale data because it already knows a great
deal. Our view is that the field is optimizing the wrong quantity.
A predictive accuracy benchmark rewards a model for the right
answer but does not ask about the right explanation. This is not
afair trade when the next step is a synthesis, a screen, or a ther-
apeutic action in a patient. A model that cannot be interrogated
cannot be corrected, and a shared backbone that cannot be
corrected passes its errors to every group that adapts it. The
biological priors and design elements that make a foundation
model interpretable exist, and the work is for domain experts
to adapt them to their use cases and implement them.

We would therefore set a different bar for the next generation
of foundation models. A model should earn its place by naming
the components behind a prediction, by surviving the tests those
names imply, and by producing at least one hypothesis that
someone carries to the bench. The foundation models that
impact biology and medicine will be the ones built to that bar,
not the ones that top an accuracy leaderboard.
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