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Mechanistic inference of stochastic gene expression

from structured single-cell data

Christopher E. Miles®

Single-cell gene expression measurements encode variability
spanning molecular noise, cell-to-cell heterogeneity, and
technical artifacts. Mechanistic stochastic models provide
powerful approaches to disentangle these sources, yet infer-
ring underlying dynamics from standard snapshot sequencing
data faces fundamental identifiability limitations. This review
focuses on how structured datasets with temporal, spatial, or
multimodal features offer constraints to resolve these ambi-
guities, but they demand more sophisticated models and
inference strategies, including machine-learning techniques
with inherent tradeoffs. We highlight recent progress in the
judicious integration of structured single-cell data, stochastic
model development, and innovative inference strategies to
extract predictive, gene-level insights. These advances lay the
foundation for scaling mechanistic inference upward to regu-
latory networks and multicellular tissues.
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Introduction

Single-cell gene expression measurements encode a
tapestry of variability spanning intrinsic molecular noise,
cellular heterogeneity, and confounding technical arti-
facts. Far from a mere nuisance, the biological portion of
these fluctuations shapes cellular identities [1] and
disease progression [2]. Disentangling the interwoven
noise components is therefore essential for extracting

causal understanding of genetic processes from single-
cell data. Beyond statistical pattern-finding, mecha-
nistic stochastic models offer an explanatory framework
for this task by linking specific molecular and experi-
mental processes to observed distributions [3]. Appli-
cation of such models to single-cell data has empowered
numerous quantitative insights, from cataloging tran-
scriptional dynamics across the human genome [4] to
understanding how these kinetics are regulated [5—8]
and vary by cell state [9,10]. More than just descriptive,
these models provide mechanistic parameters that move
beyond observing whether a system has changed to
explaining /Zow its underlying molecular processes are
altered under perturbation, a distinction essential for
therapeutic design and cellular engineering.

Despite successes in dissecting transcriptional dy-
namics, reliably inferring kinetics and distinguishing
between hypotheses using typical high-throughput
single-cell data remains challenging. Standard ‘snap-
shot’ measurements of transcript counts from conven-
tional scRNA-seq data often lack sufficient information
to uniquely constrain parameters or discriminate be-
tween models. This review examines how structured
single-cell datasets, sophisticated stochastic models,
and advanced inference strategies, together, can over-
come these limitations to disentangle the dynamics. We
focus on inference for individual genes, which, despite
their apparent simplicity, pose surprising inferential
obstacles and provide a valuable foundation for under-
standing regulatory and multicellular scales. We first
illustrate fundamental challenges in mechanistic infer-
ence from snapshot data, then explore how richer
experimental designs incorporating temporal dynamics
(e.g. metabolic labeling), spatial organization, and
multimodal measurements (e.g. nascent/mature RNA)
provide critical constraints for interpretation (see
Figure 1). As datasets and models grow in complexity,
we evaluate the evolving toolkit of inference methods,
from classical approaches to machine learning tech-
niques, with particular attention to reliability challenges
introduced by approximations and surrogate models.
Throughout, we emphasize that the integration of
appropriate data structures, models, and carefully vali-
dated inference is essential for extracting reliable bio-
logical insights from single-cell data.
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Landscape of single-cell gene expression data and model structures considered throughout the review. Data with additional structure can resolve model
ambiguities, but this necessitates developing new models and inference techniques.

Promises and challenges of mechanistic
inference with the telegraph model

A natural entry point into model-based inference with
single-cell data is the classical telegraph model. This
model minimally captures transcriptional bursting (the
stochastic switching between transcriptionally active
and silent states [11]) and has thus served as a corner-
stone of quantitative single-cell analyses. By examining
the model’s promises and limitations, we identify
broader challenges in mechanistic inference that moti-
vate the need for richer data and more flexible models.

The telegraph model describes a gene promoter sto-
chastically switching between inactive G (‘off’) and
active G* (‘on’) states with respective rates « and (.
While in the active state, transcription produces mRINA
at a rate p, and mRNA is degraded at a rate . These
processes are summarized by the scheme

@ p ¥
G%G*, G*>G +m, m—Q.

Observations of the model are encoded by the chemical
master equations for Pg(m, 1) and Pg.(m,t), the probability
distributions of mRNA counts in each promoter state
withm = 0,1, ...,

dP(;/d[ = 6P(;x(m,t) + ’Y(m+ 1)P0(m—|— 1,[)

— (o4 ym)Pg(m,r) (1)

dPg-/dt = aPg(m,t) + pPg-(m — 1,1)
+ y(m+ 1)Pg(m+1,7)

— B+ p+ym)Pg-(m,r) 2)

The  resulting  steady-state  distribution  for
P(m) = Pg(m) + Pg-(m) is the key to both the model’s
utility and inferential challenges. It classically follows a
Poisson-Beta distribution with three effective parame-
ters: the relative promoter switching rates « = /Y and
b = fB/v, and the relative synthesis rate 7 = p/y. This
Poisson-Beta distribution can reproduce the unimodal or
bimodal observations of mRINA counts, and reduces to
the widely observed negative binomial distribution in
the limit of short, infrequent pulses of transcription
(¢ < v, @ < () [12]. This analytical simplicity provides
a valuable basis for extensions that address practical
experimental complexities. For example, modeling
measurement noise (e.g. mRNA capture efficiency)
upon the telegraph framework improves inference
quality [13—15].

However, the resulting Poisson-Beta distribution high-
lights a fundamental inference challenge: the original
four kinetic parameters in the model cannot be resolved
from steady-state snapshots alone. Such a limitation is
an example of structural unidentifiabiliry, where model pa-
rameters (or combinations thereof) can fundamentally
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Figure 2
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Inference challenges with snapshot observations of the telegraph model.
Practical identifiability: starkly different kinetics can produce the same
distribution, shown in Ref. [16]. Model mimicry: more complex promoter
structures, such as a crosstalk pathway model, can produce a nearly
identical distribution, shown in Ref. [17].

not be resolved from particular data [18]. Even these
three effective parameters are challenging to infer reli-
ably. The three-parameter distribution exhibits practical
unidentifiabifiry, where different parameter combinations
yield nearly identical distributions (Figure 2). This
parameter ambiguity is exacerbated by technical noise
[16,19] and by extrinsic variability like cell-cycle pro-
gression [20,21]. One might assume these inferential
obstacles stem from the model’s simplicity. However,
fundamentally more complex variants (e.g. involving
multiple promoter states or feedback) can generate
snapshot distributions statistically indistinguishable
from the simple telegraph model, a phenomenon called
model mimicry in Jiao et al. [17], as shown in Figure 2.

Leveraging structured data to overcome
ambiguity

These challenges highlight that snapshot counts alone
are often insufficient for reliable mechanistic interpre-
tation. Jiao et al. [17] point toward a resolution: while
steady-state distributions may be indistinguishable,
transient dynamics often differ distinctly. Resolving
these inherent ambiguities thus requires richer experi-
mental data to provide additional constraints. Informa-
tion embedded in temporal dynamics, spatial
organization, or the relationships between multiple
molecular species measured simultaneously holds the
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potential to distinguish between mechanisms that
appear degenerate in static measurements. Leveraging
these structured data types requires carefully
constructing appropriate mechanistic models and robust
methods to connect them with data and pinpoint what
information can be extracted. Next, we will highlight
recent case studies that exemplify successes in
leveraging single-cell data structures for mecha-
nistic insight.

Temporal dynamics reveal absolute rates and
pathway complexity

Observing systems changing over time is the most
intuitive way to resolve ambiguities inherent to static,
snapshot-based inference, where often only ratios of
kinetic rates can be inferred. Temporal data provides the
necessary information to overcome this degeneracy and
pinpoint absolute timescales. Such data in single-cell
gene expression take a variety of forms. The ideal
dataset for any temporal inference is a genuine time
series, where temporal correlations encode valuable in-
formation. While such systems exist (e.g. MS2/PP7 la-
beling [22]) and have been used with mechanistic
modeling [23], these measurements are challenging at
scale. More commonly, temporal insights are gleaned
from a series of destructive snapshots taken over time,
where different cells are sampled, giving the marginal
distributions of a population, as shown in Figure 1. Even
without connected time points, these temporal snap-
shots have seen recent success in distinguishing models
and parameters, as discussed next.

Metabolic labeling techniques (e.g. using 4sU followed
by sequencing protocols like scEU-seq or SLLAM-seq
[24,25]) are a powerful tool to generate temporal mea-
surements. These methods allow the distinction be-
tween newly synthesized (“new’ or “labeled’) and pre-
existing (“old’ or “unlabeled’) RNA within single cells,
often measured across time courses or after pulse-chase
experiments. By tracking the dynamics of both labeled
and unlabeled populations, one can decouple and
directly estimate the absolute kinetic rates of RNA
synthesis p and degradation 7, parameters that are
inherently intertwined in static measurements. Volteras
et al. [26] demonstrate the power of this approach by
integrating time-resolved metabolic labeling data to
resolve absolute rates. Beyond the inference of rate
parameters, the authors ask: how much temporal het-
erogeneity can be extracted from these measurements?
Remarkably, the authors can identify how the kinetic
rates, e.g. p(z), v(#) vary temporally, averaging over
technical complexities introduced by gene-doubling
during replication. This genome-wide quantification of
absolute, temporally-heterogeneous burst kinetics and
mRNA degradation rates reveals complex regulatory
patterns, such as distinct waves of burst frequency
versus decay rate modulation across the cell cycle.

www.sciencedirect.com
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Beyond determining absolute rates, temporal data can
also clarify the complexity of the underlying pathway,
which we previously saw can be challenging with the
telegraph model and snapshots (Figure 2, model mim-
icry). Nicoll et al. [27] provide an analytical calculation
that shows that for a large class of transcription models,
the initial increase in mean mRNA levels following in-
duction (assuming negligible initial counts and a known
delay) follows a general power law, {(#(z)) o« 7. The
exponent 7z reflects the number of sequential, irrevers-
ible rate-limiting steps (promoter transitions, splicing,
and export) for mature transcript production. Measuring
this transient scaling behavior, potentially in the mi-
nutes following induction, thus provides a method,
robust to certain types of extrinsic noise, to estimate a
lower bound on pathway complexity, distinguishing be-
tween models (e.g. with different numbers of inactive
promoter states) that might yield identical steady-
state distributions.

Surprisingly, even without any direct temporal mea-
surements, modeling temporal variations is a valuable
pursuit. For instance, Sukys and Grima [28] derive a
latent cell cycle phase 7, computationally inferred from
scRNA-seq snapshots, as a biological pseudo-time axis.
By fitting mechanistic models that explicitly incorporate
this latent cell-cycle progression, p(7), they estimate
phase-specific burst parameters for thousands of genes
even without temporal measurements. Their findings
reveal dosage-compensation mechanisms (e.g. burst
frequency halving postreplication while burst size re-
mains constant) and highlight that neglecting such
inherent temporal structure can significantly bias ki-
netic parameter estimates derived from naive snapshot
analysis. Popular RNA velocity methods also extract
pseudotemporal information from snapshots by bridging
the temporal component of this review with multimodal
data (see Multimodal readouts decouple linked pro-
cesses), particularly nascent and mature RNA. Recent
variants employ fully mechanistic models to extract
interpretable kinetics (e.g. Refs. [9,29,30]). These ex-
amples highlight how extracting temporal information is
possible even without temporally connected time
points. Understanding what information can (or cannot)
be extracted from temporal snapshots (marginal distri-
butions) remains an active area of fundamental theo-
retical research [31,32].

Spatial context connects location to kinetics and
function

Beyond temporal observation, the spatial organization of
molecules within cells and tissues is increasingly
accessible through high-resolution imaging, ranging
from single-molecule FISH (smFISH) for quantifying a
few specific gene transcripts to highly multiplexed
methods like MERFISH, capable of mapping hundreds
simultaneously [33]. These spatial patterns offer

another valuable data modality to dissect mechanisms
obfuscated in other measurements. Various computa-
tional toolkits and statistical frameworks (e.g. Ref. [34])
have emerged to quantify mRNA enrichment in specific
compartments (e.g. nucleus, cytoplasm, and pro-
trusions) or proximity to cellular structures. These
methods offer functional insights, such as cell-type-
specific pattern variations [35], but often lack mecha-
nistic details of how spatial organization arises. Some
mechanistic models (e.g. Ref. [36]) consider well-mixed
compartments, overlooking the fine-grained spatial in-
formation available from imaging.

Explicitly modeling molecular positions, however, un-
locks the mechanistic link between these fine-grained
patterns and the underlying kinetics. For instance,
transcription occurs at a visible transcriptionally active
site (TAS) modeled as a point source at a location 2,
within a nuclear domain Q delineated by a fluorescent
stain (e.g. DAPI). The subsequent approximate diffu-
sive motion of mRNA through the crowded nucleoplasm
(with diffusivity D) followed by processing, nuclear
export, or degradation, encodes spatial mRNA patterns,
although challenging to dissect due to the stochasticity
and low molecular counts inherent to these systems.
Miles [37] provides an example of quantifying these
spatial gradients by coupling telegraph transcription
kinetics with a spatial movement model and explicit
nuclear export at a geometric boundary. While the
resulting distribution of mRNA positions xq, ..., &, 1S
challenging to describe due to stochasticity in both the
quantity and value, it is concisely encoded as a spatial
Cox process [38].

X1y «.ey X~ Poiss(u(x, T7)),

O = DOyt — yu+ pA(r)6(x —2),

ku(x,t) = —Ddu(x,z7), forx€EdQ. (3)
where k encodes nuclear export and A(7) is the telegraph
process that switches at rates @, . Crucially, this spatial
information can resolve parameter ambiguities inherent
in total counts. For example, if the diffusion coefficient D
is known (e.g. from live-cell tracking), the spatial pat-
terns enable inference of production and degradation
rates, which are otherwise confounded in nonspatial
steady-state measurements, as we saw in Promises and
challenges of mechanistic inference with the
telegraph model. Cell-to-cell heterogeneity in spatial
features (e.g. nuclear shape, gene location) can also
sometimes aid parameter identifiability [39]. Altogether,
harnessing spatial data offers unique opportunities to
constrain transport kinetics and understand localization-
dependent regulation.

Multimodal readouts decouple linked processes
Measuring only a single molecular species, such as
mature mRINA, necessarily integrates the effects of all

Current Opinion in Systems Biology 2025, 42:100555
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upstream processes. [his aggregation often makes it
impossible to distinguish, for example, whether low
mRNA levels are due to slow transcription or rapid
degradation, see Figure 2. Simultaneously measuring and
modeling multiple linked molecular species provides
intermediate readouts that can deconvolve connected
processes, resolve ambiguities, and offer insight into
unobservable aspects of the regulatory cascade [20].

A key example in transcriptomics is the joint measure-
ment of nascent (unspliced) and mature (spliced) RNA,
often achievable from standard scRNA-seq data [40].
The joint distribution of these counts P(#z, m) contains
information on intermediate rates like splicing, which is
lost when only considering the marginal distribution of
total mRNA. Fitting such multispecies models at scale,
however, presents a significant computational challenge.
"To address this, Carilli et al. [41] developed biVI, which
embeds a biophysical model within a variational
autoencoder (VAE) framework. This hybrid VAE
approach captures complex-cell state heterogeneity in
low dimensions while inferring interpretable, cell-state-
dependent Kkinetic parameters from joint nascent/
mature counts.

Further theoretical foundations for multispecies models
are rapidly advancing, from refined models of nascent/
mature RNA dynamics [42—44] to compartment models
that distinguish nuclear and cytoplasmic mRNA [36,45].
The latter have proven crucial for explaining observa-
tions of ultra-low, sub-Poissonian noise [46] and are
becoming practical for large-scale inference through new

Table 1
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analytical solutions [36]. Together, these pursuits un-
derscore the value of integrating tailored models with
multimodal data.

Inference in practice

The previous section highlights how structured data and
richer models can, in principle, provide deeper mecha-
nistic insights. However, increased complexity in-
troduces challenges in connecting structured data with
models. For instance, how does one infer cell-cycle-
dependent forms like p(7) rather than a simple rate p? Or
how should one handle unwieldy multivariate distribu-
tions from multimodal or spatial data, especially with
cellular heterogeneities? These newly introduced ob-
stacles amplify the need for carefully chosen inference
strategies that push the boundary of classical inference.
This section reviews emerging inference strategies for
stochastic models, highlighting tradeoffs, practical con-
siderations, and successful applications in translating
structured single-cell data into reliable biological
insight, as summarized in Table 1.

The limits of classical inference for complex models

Classical statistical inference hinges on evaluating the
likelihood function, 7.(#) = P(data| model, ). For mo-
lecular counts, often log L(f) = >_,,N(m)log P(m|0),
where N(m) is the number of cells with RNA counts 7,
simple models like the telegraph model allow P(z) to be
computed analytically. For more complex models, this
approach becomes challenging but can still be fruitful,
particularly through two distinct directions. The first is

Summary of inference techniques for stochastic models.

Methods Core principle

Tradeoffs (+strengths/- limitations) Examples

Likelihood-Based Evaluate P(DatalModel, f) using

likelihood derived exactly (e.

g. inverting GF) or approximately

(e.g. FSP)

Moment-Based
(or other summaries) to data
estimates

+ Strong statistical grounding

+ Enables standard UQ & ID analysis (FIM, profiles)

- Requires tractable likelihood, limits model complexity

- Can be computationally expensive

Match model’s statistical moments + Computationally scalable, avoids full likelihood calculation
+ Loses distributional information, prone to bias

- Sensitive to moment choice

[3,36,37,47,48]

[15,27]

- UQ/ID challenging (bounds sometimes possible [49])

Simulation-Based (SBI) Compare data to simulations (via
stats/dist/NNs). Uses e.g. ABC,
NPE/NLE

+ Handles intractable likelihoods & complex models
+ Neural: Sim-efficient; learns features implicitly
+ ABC: Simpler setup

[14,26,50]

- Computationally intensive (esp. ABC)
- Setup sensitive (ABC: stats; Neural: Architecture/training)
- Validation essential (approx. Posteriors, reliability, ID)

Hybrid (ML-enhanced) Use ML (NNs, GNNs, VAEs) to
approx./accelerate/embed model

components

+ Scalable and flexible; handles complex data/dynamics
+ Can embed mechanism for interpretability, e.g. biVI [41]
- Surrogate errors can bias inference; “black box’ risks

[41,51,52]

- Challenging UQ and validation; can obscure mechanistic ID

uUQ, uncertainty quantification; ID, identifiability; GF, generating functions; FSP, finite-state projection; NPE/NLE, neural posterior/likelihood estimation; ML,
machine learning; NN, neural network; GNN, graph neural network; VAE, variational autoencoder; ABC, approximate Bayesian computation.
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to compute P(m) using generating functions, G
() = >_,&"P(m), which can be derived with lengthy
calculations for surprisingly complex models [3,36] and
then inverted numerically to recover P(m). Second,
finite state projection (FSP) methods, which truncate
the state space m = 0, 1, ..., M in a systematic way,
provide approximate likelihoods for complex models
[48,53,54]. If full likelihood computation is infeasible
but some analytical progress is possible, moment-based
methods match model-derived statistical moments (e.
g. time-dependent means [27]) to data estimates,
circumventing likelihood calculation. Moment-based
approaches inherently lose distributional information,
and uncertainty quantification can be challenging,
although recent work shows promise in deriving
parameter bounds [49]. At the frontier of addressing the
computational burden of computing these quantities for
complex models, efficient approximation methods like
Holimap [55] aim to map complex network dynamics
onto simpler, solvable systems.

Expanding the toolkit: simulation-based and ML-
enhanced inference

When likelihood or moment calculations are infeasible
for models with complex data structures, simulation-
based inference (SBI) offers a practical alternative that
uses forward simulations to infer parameters without an
explicit likelihood. The most classical SBI approach,
approximate Bayesian computation (ABC), compares
simulations with data through the lens of user-chosen
summary statistics. Parameters with simulations ‘close’
to the data are accepted to build an approximate pos-
terior distribution. This compression into lower-
dimensional statistics enables data-model comparison
to be feasible, but the performance of ABC critically
depends on the choice of context-specific summary
statistics that are sufficiently informative. For example,
to infer absolute rates and cell-cycle dependence from
complex metabolic labeling data, Volteras et al. [26] use
dynamic correlations between labeled/unlabeled RNA
and moments (means, variances) of the populations to
pin down dynamics and how they vary temporally.

While conceptually straightforward, ABC’s critical
dependence on manually chosen summary statistics
motivates the use of modern alternatives. Neural SBI
approaches (e.g. neural posterior/likelihood estimation,
NPE/NLE) employ deep learning to train neural net-
works on simulation outputs as surrogate approxima-
tions to the posterior distribution P(f|data) or the
likelihood function. In doing so, neural SBI methods
implicitly learn informative features and show promise
for superior computational efficiency over ABC
[56—58]. However, enjoying these benefits is not
entirely riskless. The challenge shifts to decisions in
network architecture, training procedures, and the
crucial step of validating the surrogate. Neural SBI

methods can yield overconfident posteriors when the
underlying model is misspecified [59] and are compli-
cated by the difficulty of validating the surrogate’s ac-
curacy [58].

There is growing momentum in combining deep learn-
ing’s representational power with the mechanistic
interpretability of classical approaches. Hybrid methods
at this intersection have emerged that leverage neural
networks to accelerate simulations, create surrogates for
model components, or embed mechanistic parameters
within flexible representations. For instance, biVI [41]
uses a variational autoencoder (VAE) with analytically
computed basis functions that describe an otherwise
intractable joint distribution of nascent and mature
mRNA counts. Sukys and Grima [28] demonstrate
another clever hybrid by using deep learning to extract a
latent cell-cycle time 7 for each observation, which is
then used in a more traditional moment-approximated
inference scheme to reveal how Kinetic rates vary
across the cell cycle, e.g. p(7). These two examples
highlight the merit of hybrid methods, where careful
construction of the interface between mechanistic and
machine learning components can vyield powerful
interpretability, computational tractability, and statisti-
cal expressiveness.

Tradeoffs and reliability

Beyond models of gene expression, deep-learning-based
methods for general stochastic reaction models [51,60]
and spatial stochastic models [58] show remarkable
promise for scalability and flexibility. For instance, graph
neural networks trained on simple geometries can
extrapolate predictions of stochastic spatial reaction
models to new complex geometries [52].

Despite their promise, these deep learning methods
must be used with caution and undergo extensive vali-
dation to avoid the ‘black box’ issues that can confound
their output [61]. This need for scrutiny arises because
such methods often rely on neural network surrogates to
approximate the true posterior or the likelihood, and the
reliability of the final inference hinges on the fidelity of
this approximation [58]. The choice of what these sur-
rogates approximate, e.g. the posterior or the likelihood,
determines whether the valuable toolkit of classical
inference is forfeited or made approximate. Methods
that directly learn an approximate posterior, such as
neural posterior estimation (NPE), largely bypass the
likelihood and its associated toolkit. In contrast, other
strategies, including the hybrid approaches discussed
previously, use neural networks to creatively compute an
approximate likelihood. These methods can serve as
standalone surrogates for the likelihood function itself
(i.e. neural likelihood estimation, NLE) or be
embedded within larger models to resolve specific bot-
tlenecks, such as approximating an intractable

Current Opinion in Systems Biology 2025, 42:100555
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distribution [41] or learning unknown terms to render a
master equation solvable [52]. In these likelihood-
approximating cases, the classical toolkit remains
accessible in principle, but its power for evaluating ob-
stacles like practical identifiability and model mimicry is
now contingent on the surrogate’s accuracy. This toolkit
spans profile likelihood analysis to evaluate parameter
unidentifiability [62], likelihood-based information
criteria for model selection [48], and information-
theoretic quantities (e.g. the Fisher information) to
direct optimal experimental design [47,63]. By com-
parison, the equivalent toolkit for modern, deep-
learning-based inference is under active development
but remains less refined, marking an active frontier for
the field.

Conclusion and outlook

Recent advances in mechanistic inference for stochastic
gene expression signal a maturing field, moving beyond
simply fitting models to critically evaluating what can be
reliably learned from available data. The increasing
availability of structured single-cell datasets (whether
temporal, spatial, or multimodal) has created new op-
portunities to resolve regulatory mechanisms, while also
sharpening the need for rigorous validation and princi-
pled model selection. The next frontier lies in inte-
grating an even richer array of molecular measurements.
This expansion, however, introduces formidable new
challenges alongside immense promise.

Experimental techniques are pushing the field along
several, often intertwined, axes of complexity. One axis
pushes toward greater molecular detail for single genes.
For instance, long-read sequencing [64] and imaging
[65] methods can distinguish mRNA isoforms, or
CRISPR-based live-cell RNA tracking [66] can encode
post-transcriptional dynamics with unprecedented
detail. Another axis expands the breadth of measure-
ment. Genuinely multiomic datasets that pair tran-
scriptomics  with  epigenomics (e.g. chromatin
accessibility) or proteomics (e.g. surface protein levels)
are now widely available. These modalities hold
tremendous potential for creating more complete reg-
ulatory models but require synthesizing data types that
differ fundamentally in their biological timescales and
technical biases [67]. A third axis scales these models
upward to larger systems like gene regulatory networks
(GRNs) and multicellular tissues [68,69]. Applying
these insights at such scales magnifies inferential chal-
lenges due to a combinatorial explosion of potential in-
teractions, making it difficult to infer causal regulatory
links from transcriptomic data alone [70].

Tackling these frontiers underscores this review’s cen-
tral thesis: the principled approaches developed for
single-gene inference are not merely an inspiration but
constitute the essential groundwork for this next era.

Inferring gene expression from structured data Miles 7

They provide the mechanistic building blocks for larger
models and, critically, a conceptual framework for
disentangling the contributions of intrinsic, extrinsic,
and technical noise, a task that becomes paramount in
more complex systems. Ultimately, as experimental
techniques advance, the primary bottleneck shifts from
data acquisition to robust, interpretable analysis.
Extracting reliable insights requires more than rich data;
it demands an inference ecosystem that integrates
experimental design with rigorous diagnostics. While
tools for identifiability analysis, sensitivity diagnostics,
and principled model comparison are well-developed
alongside classical inference, a critical gap remains in
adapting them for the simulation-based and deep-
learning methods essential for these complex systems
[58,71]. Building generalizable, modular tools that
integrate these diagnostics directly into the inference
workflow will be the crucial step in ensuring our con-
clusions are truly meaningful.
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