Al-driven cell-fate prediction in microscopy

Rita Carlotal"*, Mario Del Rosario!-%3", Inés Cunha®, Juliette Griffié*, Guillaume Jacquemet’

24 and Ricardo Henriques!-®

!Instituto de Tecnologia Quimica e Bioldgica Anténio Xavier, Universidade Nova de Lisboa, Oeiras, Portugal
2Faculty of Science and Engineering, Cell Biology, Abo Akademi University, Turku, Finland
3InFLAMES Research Flagship Centre, University of Turku, Turku, Finland
“Science for Life Laboratory, Department of Biochemistry and Biophysics, Stockholm University, Stockholm, Sweden
SFaculty of Science and Engineering, Cell Biology, Abo Akademi University; Turku Bioscience Centre, University of Turku and Abo Akademi University, Turku, Finland
SLaboratory for Molecular Cell Biology, University College London, London, United Kingdom
“Equally contributed authors

Microscopy is evolving from a descriptive to a predictive tool in
biology. Trained on time-lapse images, deep learning can forecast
whether a cell will divide, die, or differentiate from how it looks
and moves, in some systems, hours or even generations before the
usual molecular markers appear, and without added fluorescent
labels. Two questions frame this review and stay largely open:
which image features actually carry the predictive signal, and
whether a model foresees a genuinely future outcome or instead
reads a state the cell has already entered. We organise the field
by the visual signal that carries fate: changes in cell and nuclear
shape over time, changes in brightness and texture, the dynamics
of differentiation and competition, and patterns of movement.
For each, we ask what must be measured, and over what area and
time window, to predict fate. We then set out the main families of
models, from networks that read a single image to those that read
sequences of images over time and those that compress images
into compact numerical summaries, outlining their strengths and
limitations. Our central argument is that prediction has outrun
validation: most reported performance is checked retrospectively
against endpoint markers instead of on genuinely future cells. We
close on the shared datasets, benchmarks, and interpretability
work this gap demands, and on underexplored fates such as
migration and senescence.
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Introduction

Cells combine order with randomness. Within a given cell
type and environment, their behaviour is broadly reproducible:
they grow, divide, differentiate or die in recognisable se-
quences. Individual cells still reach different outcomes, or
reach the same outcome at different times, and this variability
is usually called stochastic. At the level of single molecules
or single snapshots, it can look genuinely random. Much of it
instead reflects incomplete observation: structure that is invis-
ible in one frame becomes legible once a cell is followed over
time. Cellular behaviour is therefore better seen as patterned
than as either fully deterministic or fully random, and this
underlying structure is what makes fate prediction possible
(D.

Cellular decision-making is seldom instantaneous; it emerges
from cumulative biophysical and biochemical processes. As
cells grow, divide, or differentiate, they undergo continuous
changes in shape and organisation that reflect their internal
regulatory state, shaped further by neighbouring cells and the
local environment (2). If these physical changes link directly
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Fig. 1. Cell Fate Prediction Overview. Schematic representation of how different
features extracted from microscopy data (e.g. morphology, signal intensity, dynamics)
can be used, together with Al-driven models, to predict distinct cell fates.

to molecular regulatory networks, then how cell shape, or-
ganisation, and signal intensity change over time may encode
predictive information about future fate. Consistent with this,
large-scale imaging that maps thousands of proteins in sin-
gle cells shows that a cell’s shape is tied to which proteins
it expresses: two cells in the same cell-cycle phase but with
different shapes carry distinct proteomic profiles that may
already bias them toward different fates (3). Seen this way,
phenotypic changes, including structural variations, intensity
fluctuations, and temporal dynamics, may provide early indi-
cators of fate decisions, although the precise limits of such
predictability remain an open question.

A range of experimental techniques, including live-cell mi-
croscopy, immunofluorescence, flow cytometry, and quanti-
tative image analysis, are widely used to read out cell state
and cell-cycle progression (4). These approaches have re-
vealed fundamental aspects of cellular regulation, yet many
rely on molecular readouts that become detectable only after
key regulatory changes have progressed. Many assays also
capture static snapshots instead of continuous trajectories, lim-
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iting access to the temporal information that may hold early
predictive signatures (5).

Combining these biochemical approaches with artificial in-
telligence, especially deep learning, has widened the ability
to extract predictive signals from such data and to turn them
into predictions of future cell states. These methods iden-
tify features that are hard to quantify manually and integrate
temporal information across long sequences. Cell Painting
(6), for instance, stains several cellular components and or-
ganelles with a panel of fluorescent dyes imaged in separate
colour channels. Software then outlines each cell and mea-
sures hundreds of numbers describing its size, shape, texture,
and brightness. Together, these measurements pick up small
differences between cells and increasingly link how a cell
looks to what it is doing. Large reference datasets, such as
the JUMP Cell Painting collection of around three million
images across matched chemical and genetic perturbations,
now underpin these image-based profiling efforts (7).

Neural networks trained on time-lapse microscopy data can
predict aspects of cell fate, sometimes before conventional
molecular markers become detectable (8). The reach and gen-
erality of this predictive capacity vary across systems and ex-
perimental conditions. Studies in stem-cell differentiation and
cell-cycle progression, for example, show that time-resolved
imaging improves predictive performance over static measure-
ments. Complementary work indicates that imaging-derived
features also reflect aspects of underlying molecular states
(9, 10), supporting the idea that such features encode biolog-
ically relevant information about cell state and morphology
(11-14).

Phenotypic changes, read over time and in their spatial context,
can therefore serve as a functional readout of cellular dynam-
ics. The field has diversified rapidly, with approaches span-
ning different cell types (15), fate outcomes, and modelling
strategies. Some methods explicitly track lineages through
mitosis, while others infer differentiation potential or recon-
struct trajectories from limited temporal data. As imaging and
molecular profiling become more integrated, morphology now
sits alongside omics data within a wider, high-dimensional
description of cell state.

Here we organise microscopy and Al-based cell-fate predic-
tion by the dominant source of predictive signal: structural
morphodynamics, optical and intensity changes, differentia-
tion and competition dynamics, and motility and trajectories
(Fig. 1). Within each, we ask a single question: what informa-
tion, measured over which spatial and temporal scales, suffices
to predict fate, and with which model family. Read across
the field, a consistent pattern frames our argument: models
increasingly forecast fate, often before molecular markers ap-
pear, yet seldom explain which features carry the signal or test
their predictions prospectively. We use this gap to separate
what is established from what remains only plausible, and to
set out what the field would need to standardise to close it.
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Fig. 2. Structural morphodynamics as predictors of cell fate. A. Time-lapse
microscopy captures continuous changes in cell and nuclear architecture, including
size, shape, texture, compaction, protrusions, and spatial context. B. These features
can be analysed in different ways: networks that classify a cell's state from a
single image, models that learn features on their own, and models that use a
cell’s history over time to predict its fate. C. Across biological contexts, structural
morphodynamics support prediction of division, death, arrest, and differentiation
before conventional endpoint markers become detectable. D. Predictions built on
structural morphodynamical readouts can foresee a range of cellular outcomes.

Predicting Fate from Structural Morphody-
namics

The cell cycle provides a natural test bed for morphology-
based fate prediction. Its signature structural transitions, nu-
clear condensation, cell rounding, division and re-spreading,
occur in reproducible sequences that time-lapse microscopy
can capture (Fig. 2). Beyond simply assigning a cell to a
phase, the key question is whether these shape changes can
predict future outcomes, and how early. Convolutional neural
networks (CNNs), models that learn visual patterns straight
from image pixels, can read cell-cycle stage from a single
fluorescence image (16) using features such as nuclear size
and chromatin texture. They suit this task because they recog-
nise a feature wherever it appears in the image and build it
up in layers, from edges and textures to larger structures such
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as condensed chromatin or a rounded cell. Their reach stays
limited, though, when the history of the cell is ignored. Dif-
ferent fates can look almost identical in a single frame, so a
one-frame model cannot reliably tell apart outcomes such as
division and cell death. Fate-relevant information therefore
lies in shape and in how that shape changes over time. Reas-
suringly, when researchers asked which features these models
used, the models had rediscovered known criteria such as nu-
clear size and DNA content on their own, instead of being
handed them. Other models, called 3-variational autoencoders
(B-VAESs), go further by compressing each cell image into a
handful of numbers (a ’latent space’) that vary smoothly with
cell-cycle stage, replacing rigid phase labels with a continuous
description. Together, these studies established cell shape as a
self-contained, predictive readout of cell-cycle state.

Models that follow cells over time, by contrast, can predict
outcomes early. Tracking how a cell’s shape changes lets dif-
ferentiation and fate decisions be called hours before the usual
molecular markers appear. In the differentiating Xenopus lae-
vis mucociliary epithelium (17), for example, a model trained
on how single cells change over time predicted basal, goblet
and multiciliated fates with moderate but stable accuracy, and
a cell’s position and shape over time carried more information
than any single snapshot. Cell shape alone likewise separated
fat-forming from bone-forming differentiation in human stro-
mal cells, with usable accuracy from early timepoints (18).
Prediction improves again when the full three-dimensional
shape is used instead of a flattened 2D view. Geometric deep-
learning methods, which treat a cell as a 3D object instead of
a flat image, such as MorphoMIL (19), pick up subtle shape
features that a 2D projection loses, making it easier to tell
which cytoskeletal or chemical treatment a cell has experi-
enced. Related generative models learn the whole-cell 3D
layout, capturing how organelles are arranged relative to the
cell and its nucleus (20).

A recurring worry with models that compress images into
a few numbers is knowing what those numbers mean, and
Al4CellFate (21) is a helpful worked example. It reduces
each single-cell image to just two numbers that, early during
growth-inhibitory therapy, already separate cells that will keep
proliferating from those that will not. When the authors varied
each of the two numbers and watched how the reconstructed
cell image changed, one turned out to track brightness and
the other cell size, the two features that together drive the
prediction. Tying the model’s internal numbers back to visible
cell properties turns an otherwise opaque model into a readout
a biologist can interpret.

A clear progression appears. A single image is enough to tell
a cell’s current state; compressing images into a few numbers
captures its features more flexibly; and following shape over
time, ideally in 3D, is what enables early prediction of fate. In
practice, division, death or differentiation can be called several
hours before conventional markers, making shape dynamics
an early, label-free predictor of what a cell will do.
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Predicting Fate from Optical and Intensity
Changes

How bright a cell appears, measured by fluorescence, by ordi-
nary transmitted light, or by phase-contrast imaging, gives a
second route to predicting fate. These brightness signals shift
as cells grow, copy their DNA, and rearrange chromatin, leav-
ing optical fingerprints that track both cell-cycle progression
and commitment to a particular fate (Fig. 3).

Early work showed that brightness alone can sort cells into
cell-cycle phases from single images. Quantitative phase
imaging (QPI), for instance, measures how much a cell slows
the light passing through it, which reflects how much material
the cell contains; this quantity rises steadily as the cell cycle
advances. From this signal alone, models can tell G1, S,
and G2/M apart without fluorescence and without any time
information (22), showing that cell-cycle stage is written into
a cell’s optical properties.

Other models learn to do this without being told the phases
in advance. A Cell Cycle Variational Auto-Encoder (CC-
VAE) (23), for example, arranged fluorescent DNA-marker
images along a continuous progression that replicates the
cell cycle, using the natural rise in DNA signal during S
phase and G2/M. Earlier studies had already shown that deep
learning can reconstruct a smooth cell-cycle path from single-
cell images with no time information (24), recover the cyclic
order of the cell cycle straight from raw images (25), and
place fixed cells in cell-cycle order to map how protein levels
change through the cycle, all without any cell-cycle reporter
(26). Together, these approaches show that brightness and
image features can be turned into an ordered description of
where a cell sits in the cycle.

As with shape, prediction improves once change over time
is included. Time-lapse imaging of glioblastoma stem-like
cells under ordinary transmitted light (27) shows that a model
reading brightfield images over time can separate dividing
from dying cells. Label-free models can even sort several
outcomes at once, including division, apoptosis, necrosis and
senescence, from phase-contrast images (28). With no fluo-
rescence at all, small changes in transmitted-light brightness
and contrast, tracked over time, carry enough information to
predict what a cell will do.

These label-free models carry a risk, though. They may latch
onto quirks of one dataset instead of real biology, and the
way time is built into them can smear out rare cell types or
sudden changes. CC-VAE, for instance, is trained so that
successive frames of the same cell stay close together in its
numerical summary, which keeps trajectories smooth over
time. Whether forcing neighbouring frames to stay close also
dulls the model’s sensitivity to sudden fate switches is an open
concern: a cell hit by DNA damage or acute stress may change
abruptly in a way that a smoothness-favouring model glosses
over. This tension between real, abrupt biological transitions
and models built to prefer smooth ones is unresolved.

The pattern resembles the shape-based case: a single bright-
ness measurement classifies cell-cycle phase, a compact nu-
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Fig. 3. Optical intensity trajectories as label-free proxies of internal cell state. A. Changes in fluorescence intensity, phase delay, brightfield contrast, and texture reflect
underlying biomass accumulation, DNA replication, chromatin remodelling, and stress-associated reorganisation. B. Al models can use these signals in three ways: classifying
single frames directly, compressing the optical signal into a compact numerical summary, and modelling how brightness changes over time. C and D. These approaches predict
cell-cycle phase and fate-related outcomes without added fluorescent labels, but remain sensitive to imaging artefacts, uneven illumination, and abrupt state changes.

merical summary captures progression, and following bright-
ness over time supports early prediction of fate. None of this
needs added molecular markers; it rides on the natural optical
changes cells undergo, which makes brightness-based imag-
ing a gentle, scalable route to both a cell’s state and its future
behaviour.

Predicting Fate from Differentiation and Com-
petition Dynamics

Beyond the shape and brightness changes seen across the cell
cycle, many cells change in characteristic ways as they dif-
ferentiate. As a cell moves along a developmental path, it
passes through different appearances and short-lived interme-
diate states (Fig. 4). During the differentiation of induced
pluripotent stem cells (iPSCs), for example, cells with visibly
different shapes appear, so how a cell looks can already hint
at where it is headed.

One deep learning framework, DEEP-MAP (29), was built

to profile the shape and behaviour of human pluripotent stem
cells (hPSCs). The cells carried two fluorescent markers: a
labelled nucleus and a two-colour FUCCI reporter that shows
a cell’s cell-cycle phase by its colour, so nuclear shape, prolif-
eration, and cell-cycle stage could be watched at once. Com-
bining these with proliferation measures, the authors mapped
how cell states changed over several days and predicted the
fate of single cells. Local cell density and being in G1 were
the most informative features for telling cell states apart, with
nuclear area and how cells moved also contributing. The ap-
peal is that this read out fate in real time, cell by cell, using
generic proliferation markers already common in many labs
instead of a special reporter tailored to each lineage.

Tolonen and colleagues took a different route (17). They
stained the tissue at the end to reveal each cell’s final identity,
then traced every cell backwards through the time-lapse to
label its earlier frames, using standard tools to outline cells
and follow them over time. Their model system was the
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cell fate.

Xenopus laevis mucociliary epithelium, a fast-differentiating,
easily imaged tissue containing several specialised cell types.
Following each cell over time, they recorded how its shape,
nuclear envelope, position, and movement changed as it went
from an uncommitted progenitor to a specialised cell. Cell
shape and position together carried substantial information
about a cell’s eventual fate, while movement contributed little,
showing that shape dynamics alone can partly predict which
lineage a cell will choose, even inside a crowded, living tissue.

Another model, a temporal-convolution-based variational au-
toencoder, t-VAE, learned on its own to combine a cell’s
shape, how it changed over time, and how its neighbours were
arranged, to predict the outcome of cell competition (2). It
found local crowding to be the strongest predictor of fate dur-
ing mechanical competition, and it let the authors read off
which physical features and timescales mattered for an accu-
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rate call. By adding a component trained to spot when the
outcome had shifted, they could also flag drugs that alter com-
petition, showing the model could be used to screen candidate
treatments.

Across these studies, features that change over time, such as
cell shape and position, stand out as strong indicators of fate.

Predicting Fate from Motility and Trajectories

How a cell moves carries its own clues about fate, on top of
what happens inside it. A cell’s track over time records how
it responds to its surroundings, including where it has been,
how it interacts with neighbours, and the physical forces on it.

One model that reads both a cell’s appearance and its move-
ment over time, for example, was trained on small brightfield
image crops plus how far each cell had moved, and predicted



whether blood progenitor cells would commit to one lineage
or another, doing so before the usual fluorescent lineage mark-
ers could be seen (8). How the cell moved, together with the
sequence of image crops, was enough to sort the cells, show-
ing that lineage choice is already written into a cell’s early
movement and shape, visible under plain brightfield light.
Other tools find such patterns without any labels: cellPLATO
groups cells by their shape and movement to pick out distinct
migrating subpopulations (30). Movement-based readouts
extend naturally to whole tissues, where a cell’s position rela-
tive to its neighbours can matter most. In one study, tracking
every cell in growing hiPSC colonies showed that where and
how groups of cells moved predicted how the colony would
later organise itself, pinpointing the future organising centres
before the tissue-scale pattern was visible (31). This turns a
cell’s spatial context from a nuisance into a useful predictive
signal.

Some studies boil movement down to a few numbers that are
easy to measure at scale. Measuring how fast progenitor cells
moved, whether they survived, and how they divided across
long time-lapses fed models that predict division outcomes
over several generations (32). Movement can steer fate as
well as forecast it: making cells physically tumble for minutes
inside a soft, sliding gel pushed stem cells toward stronger dif-
ferentiation, acting through forces on the nucleus that change
how the DNA is packaged, a concrete case where movement
itself biases fate (33).

Models that forecast where cells will go can also cut down
on imaging. One such model, a Social-GAN (a network that
predicts each cell’s next positions from its own recent track
and those of its neighbours), was used to extend short tracks
into longer predicted ones (34). Tested on prostate cancer
cells with and without chemotherapy, and on immune cells
attacking tumour cells in an organ-on-a-chip, the forecast
tracks matched the real ones over a limited window: measures
such as speed, straightness and time spent interacting were
statistically indistinguishable, so the forecasts kept the drug-
and condition-specific movement differences of the real data.
Pushed further into the future, this agreement breaks down.

Taken together, these works point to a simple order: track
first, predict second. Reliable fate prediction from movement
rests on (i) dependable cell outlining and tracking, (ii) track
summaries that capture how persistently and how fast a cell
moves, how much it turns, and what its neighbours are doing,
and (iii) careful separation of features that merely correlate
with fate from those that cause it.

Stepping back across these four signal sources, a few gener-
alisations hold. The earliest and steadiest predictions come
less from any single modality than from temporal information:
time-resolved features anticipate division, death and lineage
commitment hours to generations ahead of molecular mark-
ers (2, 8, 17, 27), whereas matched single-frame models tend
to recover the cell’s current state instead of its future one.
Which signal dominates is task-dependent: shape for differen-
tiation, intensity for cell-cycle phase, neighbour density for
competition, displacement for lineage choice, which is one

reason no single architecture wins outright. Two limitations
run through all four sections, and we return to them in detail
below: most reported prediction is early classification of an
already-committed state, and ground truth is almost always
endpoint staining read backwards, so prospective and causal
tests (33) remain rare.

Architectural Trade-offs: Matching Models to
Biology

The studies above use several kinds of neural network, and
it helps to know what each is built to do. A neural network
learns to turn an input (here, cell images or measurements) into
an output (here, a predicted fate) by adjusting many internal
weights on training examples. The families differ in the kind
of pattern they capture well: some read the layout of a single
image, some read how things change over time, and some
compress images into a compact numerical summary without
being told the answer in advance. The variety in the field
reflects real biological variety in where fate information sits
(Fig. 5). No single model is best; the useful question is which
one matches the biology of a given problem.

When Convolutional Networks Excel. Convolutional neural
networks (CNNs) are built to recognise visual patterns in a
single image, wherever those patterns happen to sit. They
work best when the fate can be read from how a cell looks
in one frame, without needing its history. Sorting cells by
cell-cycle phase is the clearest example (16, 22): chromatin
texture, nuclear size and cytoplasmic density look visibly
different in G1, S and G2/M, and a CNN can read these from
a single snapshot. Two properties make CNNs a natural fit
for microscopy. First, they detect a feature such as condensed
chromatin no matter where it sits in the field of view. Second,
they build an image up in layers, from simple edges and
textures to recognisable structures like a rounded, dividing
cell, close to how a biologist reads the same picture.

CNNs struggle, though, when fate depends on how a cell
changes over time instead of how it looks at one instant. Two
cells can appear identical in a single frame yet go on to dif-
ferent fates set by their earlier behaviour. This limit is what
motivates the next two model families, which handle time
directly.

When Recurrent Networks and Transformers Outperform.
Recurrent networks (RNNs) and transformers earn their keep
when a cell’s history resolves what a single image cannot.
Blood-progenitor commitment, one of the first fate problems
solved with a recurrent (LSTM) network, shows this clearly
(8): cells look alike at the moment of decision, yet their past,
how fast they moved, how often they divided, whether their
shape wavered or held steady, predicts which lineage they
choose. An RNN reads frames one after another, carrying a
running memory that accumulates what it has seen and learn-
ing which past events matter. A transformer does something
similar but can look back at all timepoints at once and weigh
each by how relevant it is, in principle without being told
where to look.
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The cost is data and compute. A CNN needs only a single well and are slower to train. For high-throughput screening
frame per cell, whereas following cells over time means col- or labs with limited resources, a simpler CNN therefore stays
lecting and labelling image sequences that span hours to days, attractive even if its best-case accuracy is lower.

amuch larger burden. Transformers, which have more internal
parameters to fit, usually need still more training data to work
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Variational Autoencoders: The Unsupervised Strategy. Au-
toencoders, including VAEs and their variants (3-VAE, t-VAE,
adversarial autoencoders), have a different strength: they learn
from unlabelled images. When a cell’s fate is unknown until
days after imaging, or when labelling enough examples is too
costly, these models still find useful structure on their own.
Each image is compressed into a short list of numbers, and that
compact summary itself becomes a meaningful description of
the cell’s state (23). Cells then sit as points in a continuous
space where nearby points look alike and a path through the
space traces how a cell changes over time, instead of being
forced into rigid boxes like G1, S or G2/M. This keeps more
information than fixed labels while staying easier to interpret
than the raw pixels (2, 23).

This flexibility has costs. The summary numbers are not au-
tomatically meaningful; each one may mix several unrelated
properties unless the model is designed to prevent it. 3-VAEs
push each number to track one independent property, which
helps, though it still does not guarantee that a number matches
something a biologist recognises. Temporal VAEs (t-VAE)
keep successive frames close, buying smoother, more stable
trajectories at the price of missing abrupt fate switches. Ad-
versarial autoencoders shape the summary space in a chosen
way but need careful tuning, or they collapse to producing
only a few stereotyped outputs.

In cost, VAEs sit between CNNs and transformers. Turning a
new image into its summary is fast, a single pass through the
network, though training the model in the first place is more
involved. When the fates of interest are not yet defined, VAEs
are invaluable for reducing a flood of image measurements
to a handful of interpretable numbers. When fates are well
defined and plenty of labelled examples exist, a supervised
CNN or RNN usually does better.

Toward Hybrid Architectures. Beyond the per-model costs
above, methods that treat cells as 3D shapes need heavy com-
putation and specialised 3D imaging, and in high-throughput
screening the choice of model is decided as much by inference
speed and available hardware as by accuracy.

Future models will likely combine the strengths of each: a
CNN to read each image, an RNN or transformer to follow
cells over time, and an autoencoder to learn from unlabelled
data first. Such hybrids can learn general features from large
unlabelled time-lapse collections, then be fine-tuned on the
smaller set of labelled examples that exist for a specific fate.
This helps with a real bottleneck: labelled fate outcomes
are scarce, while unlabelled time-lapse data are abundant.
Tracking can also generate labels: follow each cell forward
to its fate, then carry that fate back onto the earlier, unla-
belled frames, as shown in developing embryos (35). Progress
will come less from novel algorithms than from matching a
model’s built-in assumptions to how fate is actually decided
in cells.

Biological Meaning of Morphological Features

A consistent challenge in applying deep learning to biological
imaging is that many models are hard to understand. They

often reach high accuracy, yet it stays unclear which image fea-
tures they are using and whether those features mean anything
biologically.

The imaging itself can change what cells do. Too much light,
for instance, is phototoxic and can disturb a cell’s functions,
its organelles, and its development. A model may then learn to
recognise damage caused by imaging instead of real biology,
which is why tools that detect phototoxicity are needed (36).

Avoiding this means checking that the training images reflect
real biology instead of imaging damage. PhotoFiTT (37)
helps here, giving a label-free, quantitative way to measure
phototoxicity in live-cell experiments. By tracking how cells
divide, change size and stay active, it lets researchers choose
light levels that leave cells behaving normally. Such checks
matter for interpretation, because they lower the chance that a
model’s predictive features come from experimental artefacts
instead of biology.

Interpretable models can also reveal which features carry the
signal. A model of label-free live-cell images pinpointed
the shape properties that mark highly metastatic melanoma,
turning a black-box prediction into a specific, testable cell
feature (38).

Adding label-free imaging modes such as phase contrast has
been proposed to enrich the information available (22), yet
ways to interpret these models still need work. Many continue
to rely on hidden correlations that are hard to check against
biology. Progress in interpretation and feature discovery will
take more than fancier models; it will also need careful ex-
perimental design, transparent representations, and systematic
testing of the features that drive predictions.

What Is Established, and What Is Not

Where the evidence is strong and where it is not deserves a
plain statement. Three distinctions matter. First, much of
what is called fate prediction is in practice early classifica-
tion of a state the cell has already entered; genuine forward
prediction, of an outcome not yet determined at the time
of imaging, is rarer and harder, and the two are frequently
conflated. Second, reconstructing cell-cycle position from
images, now achievable from intensity, phase or raw morphol-
ogy (22, 24-26), shows that state is encoded optically, but
inferring a current state is not the same as predicting a future
fate. Third, almost all reported performance is validated retro-
spectively against endpoint markers; prospective validation is
uncommon, and causal tests, showing that altering a predicted
trajectory changes the outcome, amount to essentially a sin-
gle example (33). None of this diminishes the progress, but
it sets the bar for what would make these tools trustworthy:
forward prediction ahead of late classification, prospective
validation ahead of retrospective, and features that can be tied
to mechanism.

Future Perspectives

Microscopy-based cell fate prediction has so far focused
mostly on the cell cycle and cell death, which carry strong mor-
phological signatures and are experimentally accessible. This
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established proof of principle, but it leaves other areas of cell
biology unexplored. Processes such as migration, differentia-
tion, senescence and stress responses also involve coordinated,
time-dependent changes in cell and nuclear morphology, yet
stay underrepresented as prediction targets.

Cell migration is an especially promising area, since features
such as directional persistence, speed fluctuations, protru-
sive dynamics and polarisation evolve continuously and tie
closely to functional outcomes. These morphodynamic signa-
tures may predict transitions between stationary and migratory
states, or between migration modes, before canonical markers
appear. Defining fate here stays challenging, though, and calls
for long-term, functionally grounded experiments.

Cellular senescence is another important but underexplored
fate. Senescent cells show characteristic morphological
changes, including nuclear enlargement and altered chromatin
organisation, and deep learning can already classify senes-
cence from nuclear morphology (14). Whether such features
can flag pre-senescent states before established markers ap-
pear stays an open, largely untested question, and telling senes-
cence apart from other non-proliferative states is hard.

Predicting differentiation beyond binary outcomes likewise
stays challenging, since early morphological differences be-
tween lineages tend to be subtle. High-dimensional, long-term
morphodynamic analysis, perhaps with spatial context, may
help resolve these trajectories. Stress responses, for their part,
induce distinct temporal adaptations, and modelling these
dynamics could predict whether cells recover, arrest or die,
which would be valuable for toxicology and disease models.

A key direction is linking a cell’s appearance to its molecular
state. Single-cell methods that read many molecular layers at
once, and methods that infer the direction of change from the
balance of new and mature RNA, already reconstruct molecu-
lar paths toward fate (39, 40), and fate is increasingly predicted
straight from gene-expression state, whether by combining
several deep models (41), by watching for early-warning signs
that a cell is nearing a decision point (42), or by models that
fuse different molecular layers (43). Imaging-based prediction
works best alongside these molecular methods, not against
them: pairing images with molecular data could connect visi-
ble features to the mechanisms behind them, helping explain
why a given appearance predicts a given fate and suggesting
experiments to test it.

Beyond the biology, the field needs shared infrastructure so
that results can be compared across labs. Three steps would
help. First, standard benchmarks that test a model on cells it
has never seen, and predict their fate before it is known, built
on existing resources such as the JUMP Cell Painting collec-
tion (7) and large 3D single-cell datasets. Second, evaluation
that goes beyond raw accuracy to report how well a model’s
confidence is calibrated and how far ahead of the molecular
markers it can call a fate. Third, open repositories of trained
models and annotated time-lapse data with common reporting
standards. Models that teach themselves reusable features
from images with no manual labels (44), along with large pre-
trained *foundation” models, may cut the data needed further
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by letting a general model be fine-tuned on a small labelled
set.

Two major challenges remain: interpretability and valida-
tion. Current models regularly rest on correlations that are
not mechanistically understood, and predictions are usually
validated retrospectively instead of prospectively. Moving
toward causal insight will mean integrating morphology with
molecular data and testing whether predicted fates can be ex-
perimentally altered. Together, these advances will push fate
prediction past simple endpoints toward a fuller, mechanistic
understanding of cell behaviour.

Conclusions

To conclude, the studies reviewed here establish that morphol-
ogy, and especially its temporal evolution, reflects underlying
biophysical and biochemical processes that shape cell-cycle
progression, differentiation, survival, and competition. In
some settings shape is more than a passive readout of molecu-
lar regulation: it can feed back on fate, as when physical forces
on the nucleus change how DNA is packaged and, with it, what
the cell becomes. Static measurements give only partial in-
sight, whereas temporal trajectories reveal early, non-invasive
signatures that anticipate division, death, differentiation, and
competitive outcomes well before conventional molecular
markers emerge. As imaging technologies and computational
models co-evolve, backed by solid open-data infrastructure
and standardised model repositories, morphology-driven fate
prediction will reach past the cell cycle to migration, senes-
cence, stress responses, and fine-grained differentiation de-
cisions. Key challenges remain despite this progress. The
balance between predictive performance and biological inter-
pretability, the integration of multimodal data, and the need to
capture both gradual and abrupt state transitions continue to
define the limits of current approaches. Working through these
challenges will be essential to understand the biological mech-
anisms behind the predictions. Bringing morphodynamic,
molecular, and computational perspectives together offers a
path toward a more predictive and mechanistic understand-
ing of cell behaviour, bearing implications for developmen-
tal biology, disease modelling, and therapeutic intervention.
With further validation and standardisation, morphological
fate prediction could become a routine quantitative assay, let-
ting biologists ask when, why, and how cells commit to their
futures.
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