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Highlights 
Single-cell surveys show cell populations 
self-organize into few subpopulations.

Subpopulation networks compress 
high-dimensional dynamics and reveal 
emer gent scaling laws.

Emergent subpopulation network prop-
erties define new engineering rules for
living systems.
Cell populations underpin applications ranging from bioproduction and 
biotherapeutics to microbiome engineering and biocomputing. However, treating 
them as bulk quantities rather than as structured systems limits our understanding 
of population-level stability, productivity, and robustness. Cellular populations self-
organize into coexisting subpopulations (SPs) representing phenotypically distinct 
states that emerge from the interplay of biological noise and selective pressures. 
We propose that networks of interacting SPs constitute a fundamental organiza-
tional layer for engineering stable cell population dynamics. Surveying published 
single-cell studies across bacterial, yeast, and mammalian systems, we show that
populations consistently self-organize into a limited number of SPs. This dimen-
sional reduction can be captured experimentally by clustering single-cell data and
gives rise to scaling laws that link population structure to collective performance.
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Cell population diversity is a resource to be exploited as a primary engineering
variable
The ability to design, manipulate, and control cell populations has become a central ambition 
of modern biotechnology and synthetic biology. Engineered cellular systems now underpin applica-
tions ranging from the bioproduction of complex molecules and live biotherapeutics to microbiome-
mediated health promotion, biosensing, active biomaterials, and biocomputing interfaces. Across 
these diverse applications, a common requirement emerges, that is, the need for reliable, long-
term, popula tion-level stability that remains robust against the inherent stochasticity of biological
systems, driven by fluctuating real-world conditions [1,2]. A convergent body of evidence suggests 
that population-level stability rarely arises from homogeneous cellular systems [3]. Instead, cellular 
populations self-organize into coexisting subpopulations (SPs) (see Glossary) that represent 
phenotypically distinct states emerging from the interplay of biological noise and selective pres-
sures. The coordinated dynamics of these SPs then generate em ergent population-level behaviors.

Diauxic shift [4] and antibiotic persistence [5] in bacterial cultures, oscillations in gene expression 
responsible for circadian timekeeping [6], spatial patterning in tissues and biofilms [7], and the 
collective dynamics of gut microbiome communities [8] all reflect the action of identifiable SPs 
rather than average behavior. Advances in microbiome engineering and developmental biology 
have further shown that macroscopic collective behavior, including community succession, 
morphogenetic patterning, and tissue homeostasis, can be quantitatively predicted from the
dynamics of a small number of interacting cell types or states, suggesting that population dynam-
ics are intrinsically low-dimensional [9–11]. 

A fundamental challenge in deploying engineered cellular systems is not their design but their 
stability, that is, maintaining a desired population composition over time and across spatial
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Glossary 
Bet-hedging: a diversification strategy 
in which a genetically identical 
population produces phenotypically 
distinct SPs in advance of environmental 
change, trading some short-term fitness 
for reduced variance in reproductive
success under fluctuating conditions.
Bistability: a  property  of  a  regulatory  
network in which two stable steady 
states (e.g., an ‘ON’ and an ‘OFF’ 
expression state) coexist under the 
same environmental conditions, typically 
arising from positive feedback and 
nonlinearity, allowi ng genetically identical
cells to settle into distinct, stable
phenotypes.
Community succession: the 
sequential, directional change in the 
composition and relative abundance of 
species or SPs within a microbial 
community over time, driven by resource 
depletion, m etabolite exchange, and
shifting selective pressures.
Cybergenetics: a discipline that 
applies control-theory principles 
(feedback, real-time sensing, and 
actuation) to steer gene expression or 
cellular behavior, often through 
computer-in-the-loop control or
genetically encoded controllers.
Diauxic shift: the transition in a 
microbial culture from consuming a 
preferred carbon source to a secondary 
one, marked by a lag phase during 
which gene expression is 
reprogramme d (e.g., the classic
glucose-to-lactose shift in E. coli).
Optogenetics: the use of light-sensitive 
proteins to control gene expression or 
cellular signaling with high spatial and 
temporal precision, enabling 
noninvasive, re versible perturbation of
cellular behavior.
Subpopulation (SP): a cluster of cells 
that share the same genetic background 
and exhibit phenotypic diversification.
scales, or, more generally, the functional output it encodes, against perturbations, evolutionary 
drift, and environmental fluctuations [1]. Recent advances in the control of biological systems, 
including cybergenetic feedback architectures [12] and optogenetic actuators [13],  have
substantially improved our ability to steer cellular behavior in real time. Still, the population is 
mostly treated as a bulk quantity rather than as a structured, multistate system. A mechanistic 
and quantitative understanding of how SP structure shapes population-level stability, productiv-
ity, and robustness is crucially lacking. Therefore, principled design rules for engineering these
systems urgently need to be developed.

We propose that networks of interacting SPs (SP networks) constitute a fundamental organiza-
tional layer to describe, predict, and engineer stable cell population dynamics. We further address 
two central questions in the development of SP networks: (i) can SP networks explain emergent 
properties of cellular populations that are difficult to explain at the single-cell level? (ii) Can SP
networks be reliably inferred from experimental data to provide a principled explanation for the
observed low dimensionality of population dynamics?

The origin and importance of cellular SPs
We begin with a simple, well-established mechanism for SP generation. Biological noise arising 
from stochastic fluctuations in transcription, translation, and downstream metabolic processes 
generates cell-to-cell variability in gene expression, evenwithin a genetically homogeneous popu-
lation (Figure 1A) [45]. This noise broadens the distribution of intracellular states, so that a single 
input can drive a range of phenotypic outputs. Beyond this intrinsic variability, noise propagates 
through gene regulatory networks, recruiting additional gene clusters and amplifying initial fluctu-
ations into stable, coherent phenotypic programs. This propagation, combined with the compet-
itive dynamics imposed by cultivation conditions, that is, differences in specific growth rate, 
substrate affinity, and stress toleranc e, organizes the population into discrete, coexisting SPs,
that is, clusters of cells that share a functional state and follow reproducible trajectories in gene
expression, protein accumulation, and biological output (Figure 1A) [46].

Recent studies, however, indicate that SP formation can be more complex than this picture 
suggests, involving feedback from growth on gene expression aswell as self-induced environmental
feedback (Figure 1B) [47,48]. When gene expression carries a growth trade-off, cell populations can 
exhibit unexpected bistability [49] or oscillatory beha vior [50,51], with different modes of switching 
between SPs. This link between growth-coupled gene expression and complex population behavior 
can be explained through resource allocation. Cells draw on a finite pool of resources to coordinate
the activation and deactivation of gene circuits [52]. When a target gene circuit imposes a growth– 
expression trade-off, resource allocation accounts for the timing differenc es observed in gene
expression across cells [53]. These timing differences, combined with self-induced environmental 
feedback (cells growing more slowly leave additional substrate available to actively proliferating 
cells), drive the emergence of SPs with pronounced phenotypic differences. This environmental 
feedback has recently been recognized as an important component in mitigating the trade-off
between growth and gene expression and in promoting population stability [47,49,51,54]. 
Ultimately, ecological interactions may also arise between SPs exhibiting differential fitness [55]. 

The main concept suggested here builds on the self-organization of cellular populations into a 
limited number of SPs, opening new avenues for their engineering. However, the identification 
and classification of SPs critically depend on how single-cell data are analyzed and subsequently 
classified. Single-cell data collection ranges from lo w-dimensional readouts, such as single or
multiple fluorescent reporters, to high-dimensional omics approaches, such as single-cell RNA-
sequencing (scRNA-seq) (Figure 1C). Analysis of the number of SPs and clusters identified across
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Figure 1. Mechanisms generating cellular subpopulations and experimental strategies for their detection. (A) Biological noise broadens the distribution of cellular 
responses to a given input, converting a homogeneous population into a phenotypically heterogeneous one. Noise propagation across regulatory networks and competitive 
interactions between cell types drive the organization of the population into discrete SPs, each following distinct trajectories of gene expression and biological function. (B) Growth 
feedback on gene expression adds another layer of complexity to cell population dynamics. (C) Experimental workflows for SP detection span increasing levels of dimensionality, 
from single fluorescent reporters and multiplexed biosensor panels to single-cell RNA-sequencing (scRNA-seq). Dimensionality reduction, temporal tracking, and clustering convert 
high-dimensional data into an interpretable SP map. (D) The application of various single-cell approaches to diverse biological systems has led to the discovery of a limited number
of SPs (links to references and experimental details are provided in Table 1). SPs: subpopulations.
various biological systems and techniques (Figure 1D  a  nd Table 1) reveals that cellular popula-
tions tend to self-organize into a limited number of SPs. In our survey of published data, the 
number of SPs ranged from 2 to 41, with an average of five for yeast and bacterial systems. 
For plant and mammalian systems, the reported number of SPs was higher, averaging 15 and 
reflecting the higher resolution of the profiling techniques (predominantly scRNA-seq) used to 
analyze these more complex systems. Across case studies, the term ‘subpopulation’ appears
to be broadly adopted by the scientific community, though it is sometimes used interchangeably
with ‘cell clusters’ or, more rarely, replaced by ‘cellular states’ (Table 1).
Trends in Biotechnology, Month 2026, Vol. xx, No. xx 3
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Table 1. Detection of SPs or clusters of cells across biological systems following different single-cell analytical approachesa,b 

Biological system Technique(s) Terminology used Number of SPs Key observation Refs 

Bacterial systems 

Cocultures of E. coli and
Bacillus subtilis

Microbial split-pool ligation 
transcrip tomics
(microSPLiT)

SPs/clusters 14 (+3 rare SPs 
i.e., exhibiting very
low abundance)

Able to detect SP as low as 0.142% [14] 

Persistence in E. coli Pooled scRNA-seq 
(PETRI -seq)

Clusters 7 Growth-dependent clusters resolved, with 
rare phage-l ysis state identified

[15] 

Clinical isolates of Klebsiella
pneumoniae

BacDrop (bacterial 
scRNA-seq )

SPs 11 (including rare
SPs)

Antibiotic treatment leads to the
appearance of SPs

[16] 

Plasmid conjugation in 
Pseu domonas putida KT2440

microSPLiT scRNA-seq SPs/clusters 11 Occurrence of a nonconjugating SP [17] 

Pseudomonas aeruginosa 
bio film

Parallel sequential 
fluorescence in situ
hybridization

SPs/clusters 20 Mature biofilms contain functional SPs 
that are spatially localized

[18] 

Clinical isolates of E. coli and
Staphylococcus aureus

Microcolony-seq SPs E. coli EPEC 5 
E. coli UPEC 8
S. aureus 3

Bacterial memory promotes phenotypic 
inheritance and clear SP trajectories

[5] 

Culture of B. subtilis with 
met abolically different cells

Cell sorting and RNA-seq SPs 3 B. subtilis planktonic culture self-organize 
into SPs with overflow metabolism and
cross-feeding

[19] 

Chemostat of E. coli and
P. putida

Automated flow cytometry 
and propidium iodide
staining

SPs 3 Microbial cultures in glucose-limited 
chemostat exhibit different SPs with
different level of membrane permeability

[20] 

Different Pseudomonas 
species cultivated in flask 
unde r different metabolic
regimes

Flow cytometry with DAPI
and NanoSIMS

SPs 5 Both NanoSIMS and flow cytometry 
pointed out the same number of SPs

[21] 

Shake flask cultures of
E. coli

Flow cytometry and 
Raman 
microspectroscopy

SPs/clusters 9 No SPs detected based on flow cytometry 
and 9 SPs dete cting based on Raman
microspectroscopy with PhenoGraph
clustering method

[22] 

Sinorhizobium meliloti in 
micro fluidics

Flow cytometry and triple 
fl uorescent reporter

SPs 3 Generation of SPs can occur in perfectly 
homogenous environment in microfluidics

[23] 

Biocatalysis with P. putida Flow cytometry and single 
fl uorescent reporter

SPs 3 The relative abundance of SPs depends 
on the expression syste m, that is, either
alk or lac-based

[24] 

Xylanase production by 
Therm obacillus xylanilyticus

Flow cytometry and FSC
(cell size) measurement

SPs 2 High FSC SP is associated with higher
xylanase production

[25] 

Recombinant protein 
production in E. coli strains 
with modi fied glucose
transport capabilities

Flow cytometry and single 
fl uorescent reporter

SPs 3 lac-based systems exhibit bimodal 
behavior and are affected by glucose
transport alterations

[26] 

Behavior of an arabinose-
inducible system upon 
cont inuous culture of E. coli

Automated flow cytometry 
and single fluorescent
reporter

SPs 2 Glucose and arabinose co-feeding in 
continuous culture triggers two SPs

[27] 

Stress response in E. coli
biofilm

Fluorescence imaging and 
triple fluorescent reporter

SPs 4 Stress response and corresponding SPs 
are spatially localized in biofilm

[7] 

Cellular functions in B. subtilis
biofilm

Fluorescence imaging and 
combinations of double 
fl uorescent reporter (182
strains)

SPs 4 (+ overlapping
states)

Many genes are coexpressed [28] 

Sugar and overflow 
metabolism of E. coli in
microfluidics

Fluorescence imaging and 
double fluorescent reporter

SPs 2 The two SPs are only separated by 11 
micrometers, suggesting that microbial
metabolic interactions occur on short
spatial scale

[29]
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Biological system Technique(s) Terminology used Number of SPs Key observation Refs 

Yeast–bacteria cocu lture

Dynamics of activation of lacZ 
and stl1 in E. coli and
Saccharomyces cerevisiae,
respectively

Single-molecule RNA 
fluorescence in situ 
hybridization (smFISH)

Cell states 2 (E. coli) 
4  (  S. cerevisiae)

Based on snapshot smFISH data and 
Bayesian inference, the authors were able 
to infer the dynamics and state occupancy
for two microbial systems

[30] 

Yeast s ystems

Bet-hedging (cell decision 
between growth and stress 
resistance) in S. cerevisiae

Flow cytometry and single 
fl uorescent reporter

Cell states 2 Deep learning is used to capture the 
impact of gene expression and growth
based on snapshot flow cytometry data

[31] 

Osmostress response in S.
cerevisiae

scRNA-seq SPs/clusters 9 Under osmotic stress, cells explore 
various adaptive strategies through SP
trajectories

[32] 

Growth-synthesis coupling in 
S. cerevisiae

scRNA-seq SPs/clusters 9 Contrary to expectations, 
growth–synthesis coupling did not
alleviate SPs formation

[33] 

Production stress in S. 
cerevisiae producing lycopene
or violacein

Flow cytometry and 
fluorescent biosensor 
(pH sensor)

SPs 2 During bioprocesses, low- and 
high-intracellular pH SPs are generated 
and exhibit differential functionalities 
depending on the target product; that is,
either lycopene or violacein

[34] 

Amino acids cross-feeding in
S. cerevisiae

Differential isotope labeling 
by amino acids

SPs 2 The producer consumer SPs are 
observed for several amino acids and are
spatially located in agar colonies

[35] 

Mammalian syste ms

Cellular dynamics in human
breast cancer

Spatial proteomics and 
one-shot tissue dynamics
reconstruction

Cell types or
states

6 Methods to predict cellular dynamics from
snapshot data

[36] 

Cellular states inside tumor
from 77 studies

scRNA-seq SPs/clusters 41 
(metapro grams)

Intratumor heterogeneity can be clustered
into 41 metaprograms

[37] 

Analysis of 198 cancer cell 
lines from 22 cancer types

scRNA-seq SPs/clusters 12 12 recurrent heterogeneous programs 
have been identified

[38] 

Analysis of 15 cancer types scRNA-seq Clusters 16 16 consensus genes modules have been 
identified, but cancer cells can mobilize
several modules

[39] 

CHO cell cultures Single nucleus sequencing SPs/clusters 2–4 DNA methylation dynamics induce SPs [40] 

Induced pluripotent stem 
cells-derived endothelial cells

Droplet-based scRNA-seq SPs/clusters 4 The four SPs are marked by enrichment of
one specific gene

[41] 

Plant syste ms

Developmental program in 
Arabid opsis thaliana

scRNA-seq SPs/clusters 24 The SPs are linked mainly to specific 
developmental programs. However, six of 
these SPs correspond to new cell types
not previously identified

[42] 

Developmental program 
during tissue format ion in
A. thaliana

scRNA-seq Clusters/cell 
types 

16 The authors have detected a finite number 
of cell clusters involved in the formation of
tissue during the development of A.
thaliana

[43] 

Developmental program in 
root developmen t of
A. thaliana

scRNA-seq Cell types 14 The authors have detected a finite number 
of cell clusters involved in the formation of
root during the development of A. thaliana

[44] 

a For all references across all systems, the number of SPs/clusters has been performed with the help of an AI agent (see the Supplementary Information online for details
about the methodology).
b CHO: Chinese hamster ovary; DAPI: 4′,6-diamidino-2-phenylindole; FSC: forward scatter; NanoSIMS: nanoscale secondary ion mass spectrometry; PETRI-seq:
Prokaryotic-Expression profiling by Tagging RNA In situ and sequencing.
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Converting high-dimensional single-cell data into a tractable SP description requires dimen-
sionality reduction techniques (e.g., t-distributed stochastic neighbor embedding or uniform 
manifold approximation and projection), which project data onto low-dimensional embeddi ngs
where clusters corresponding to SPs become computationally and visually accessible
(Figure 1C). However, beyond the characterization of individual SPs at individual time points, 
understanding population dynamics requires describing how SPs interact and evolve over 
time, while most experimental techniques rely on the acquisition of snapshot biological data. 
The issue of recovering continuous dynamic s from snapshot data is considered in the following
section.

How can cellular SPs be tracked from snapshot data?
Reconstructing how each SP changes over time is essential for capturing their dynamic nature, 
but this is hard since most single-cell measurements only capture a snapshot of the population
at one instant (Figure 2), and inferring how cells actually moved through time from a snapshot 
alone is a long-standing challenge in biophysics [30]. Here too, reducing the data to a 
small number of dimensions and constraining the search to a discrete set of SPs can make this
trajectory reconstruction more robust.

Several strategies exist for reconstructing trajectories from snapshots. One treats each snapshot 
as a sample drawn from an underlying process, with the same set of SPs assumed to persist 
throughout, with cells shifting between them in different proportions along an unobserved trajec-
tory that happens to end at the moment the snapshot was taken. By writing down the probability 
of observing a given snapshot under this assumption and working backward from that probability 
(a Bayesian approach), researchers can recover the underlying kine tic parameters driving the
system (e.g., how fast a protein is produced, how often a gene switches on and off, or how vari-
able cell division is from one cell to the next). This strategy was recently used to reconstruct the
trajectories yeast cells follow during a stress response, based only on flow cytometry snap-
shots[31], and has also been used to recover gene regulatory networks in yeast and Escherichia
coli (Figure 2B) [30]. 

When cell numbers are large enough, the random cell-to-cell fluctuations described earlier 
average out, and the population can instead be described with simple deterministic equations 
tracking average abundances. This is essentially the same inference problem but in the large-
population limit: rather than inferring the parameters of a random process from a spread of 
snapshot values, one instead infers a deterministic rule for how the population changes on aver-
age, directly from how heterogeneou s it appears in a single snapshot. For instance, Somer et al.
examined a single tissue biopsy and used the spatial pattern of a cell division marker (Ki67) as a
proxy for local proliferation rates, asking how each cell type’s chance of dividing depended on the
makeup of its immediate neighborhood [36].  By  fitting these neighborhood-dependent division 
rates to the biopsy’s spatial heterogeneity, they built a dynamical model (a set of differential equa-
tions) describing how the abundance of each cell subtype (or SP) changes over time. This allowed 
them to reconstruct full temporal traject ories and phase portraits of the population’s dynamics
from a single static snapshot, without ever tracking cells over actual time.

A different way around the limits of snapshot-based inference is the molecular recorder, that is, a 
genetic system engineered to write a record of a cell’s transcriptional history directly into its geno-
mic DNA, to be read out later by sequencing [56,57]. These emerging tools offer a way to recover 
a cell’s gene expression history at single-cell resolution, effectively giving each cell its own logged 
trajectory, pushing the temporal reach of SP analysis beyond what snapshot or time-lapse
approaches can currently provide.
6 Trends in Biotechnology, Month 2026, Vol. xx, No. xx
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Figure 2. From single-cell snapshots to cellular trajectories: the challenge of reconstructing SP dynamics. 
(A) Snapshot measurements capture the marginal distribution of cell states at a single time point. Single-cell omics and flow 
cytometry generate measurements of heterogeneous cell populations, resolving distinct SPs (represented by differently 
colored and shaped cells). When collected at successive time points (T1, T2, and T3), each measurement provides only the 
snapshot of cell states at that instant, a series of disconnected cross-sections that does not directly reveal how individual 
cells or SPs transition between states over time. (B) Computational approaches reconstruct cellular trajectories from 
snapshot data. Applying dimensionality reduction, clustering, and trajectory inference algorithms to the snapshot data allows 
the reconstruction of cellular state transitions. As individual cells cannot be tracked continuously over time, the resulting 
trajectories represent slices of the probability distribution of cell states at various times, posing what is often an ill-posed
inference problem whose solution depends on the constraints and assumptions built into the algorithm. Colored lines depict
individual paths that cell SPs can take from T1 to T2 and then to T3, illustrating the diversity of possible transition paths
between SPs. SPs: subpopulations.
Emerging engineering principles from SPs networks and applications
Phenotypic switching, competitive exclusion, cooperative cross-feeding, and differential 
responses to environmental perturbations collectively determine how population composition
evolves over time (Figure 1A,B).  We  propose  to  capture  these  interactions in an SP network, 
that is, a single graph representation in which nodes represent distinct SPs and directed, 
we ighted links encode rates of transition, competition, or cooperation between them
(Figure 3A). This representation is formally analogous to microbial community networks, in 
which a network of interacting species framework has helped decode complex collective behav-
ior from the properties of individual members [58–60]. An additional layer of complexity arises in 
single-species systems: cells can switch from one SP to another over time, and this dynamic
Trends in Biotechnology, Month 2026, Vol. xx, No. xx 7
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Figure 3. Emergence of new engineering principles from SP networks. (A) Left: a cell population that appears highly complex at the individual level, with each cell 
tracing its own trajectory through a vast phenotypic space driven by stochastic gene expression, metabolism, and cell cycle progression, self-organizes into a discrete set 
of functionally distinct SPs. Nodes represent SPs and directed, weighted edges encode rates of phenotypic switching and competitive or cooperative interactions between 
them, forming an SP network. (A) Center: this self-organization collapses the high-dimensional phenotypic space onto a low-dimensional manifold. Despite the thousands 
of molecular variables involved, the collective behavior of the population can be captured and controlled by a small number of emergent coordinates, represented here as a 
compressed low-dimensional state space. This dimensionality reduction is a general property of populations organized into SP networks, independent of the specific 
biological system considered. (A) Right: once collective dynamics operate on a low-dimensional manifold, scaling laws of the form P ~ Nα become accessible, where P 
is a measure of collective performance and N is population or system size. When α is greater than one, the system exhibits superlinear scaling, producing 
disproportionately greater output as it grows, a signature of collective efficiency arising from optimized interaction structure. The log–log linearity of this relationship, 
with slope greater than one, is the fingerprint of low-dimensional manifold dynamics. (B–F) Four applications illustrate the generality of these two principles across 
scientific fields: (C) reservoir computing, where microbial consortia provide naturally rich, heterogeneous, and memory-bearing dynamical responses that satisfy the
computational requirements of a high-quality reservoir; (D) microbiome engineering, where SP-aware niche design and biosensor interpretation enable more accurate
characterization and control of community function; (E) bioprocess scale-up, where SP network structure governs the trade-off between growth and production and
may yield principled scale-up rules; and (F) tissue engineering, where oxygen transport scaling laws and dimensionality reduction of cell state dynamics together
constrain and guide construct design across scales.
behavior complicates how edges in the SP network should be quantified and represented. 
Addressing this will require new computational tools, since existing approaches for constructing 
SP networks rely on cell-t o-cell similarity inferred from sequencing profiles, a static measure that
does not, on its own, capture the transition dynamics between SPs [61,62]. 
8 Trends in Biotechnology, Month 2026, Vol. xx, No. xx
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Two engineering principles emerge from this organization. First, representing a population as an 
SP network produces a dramatic reduction in the effective dimensionality needed to describe and
control collective behavior [9,63]. Second, once a population operates on this low-dimensional 
manifold, scaling laws linking population s ize to collective performance become accessible
(Figure 3A) [64–66].  At  first glance, a cell population is highly complex. However, when the popu-
lation self-organizes into a network of discrete SPs, each occupying a distin ct functional state, the
degrees of freedom collapse dramatically [67–70]. This feature was recently demonstrated by 
showing that the full temporal dynamics of microbial growth curves can be compressed into 
low-dimensional representations by autoencoder neural networks without losing predictive 
power, with these compressed embeddings performing as w ell as or better than raw data for
identifying bacterial strains, predicting antibiotic resistance, and forecasting community dynamics
[9]. Once a population operates on a low-dimensional manifold, a second property becomes 
accessible, that is, the emergence of scaling laws. A scaling law, expressed generally as P ~ 
Nα where P is a measure of collective performance and N is system size, reveals that output is 
governed not by the raw number of components but by the intrinsic structure of their interactions. 
When α is g reater than one, the system is superlinear, doing more per unit size as it grows, a
signature of genuine collective efficiency [71]. 

Superlinearity is widespread across biological and human systems. At the level of human popu-
lations, patent production scales superlinearly with city size, yielding roughly a 15% productivity 
gain in the largest cities, not because any individual becomes more creative, but because the
population is organized as an optimized interaction network in which ideas, skills, and resources
are exchanged with increasing efficiency as the network grows [72]. The log–log linearity of this 
relationship, with a slope greater than one, is the fingerprint of a system whose dynamics live 
on a low-dimensional manifold. We argue that SP networks in cell populations can exhibit the 
same property and that identi fying and engineering the interaction structure of these networks
is the key to unlocking superlinear collective performance.

Antibiotic tolerance provides a compelling example of how SP networks can explain emergent 
population-level behavior that is difficult to understand from single-cell observations alone [5]. 
In a seemingly homogeneous bacterial culture, cells often occupy distinct phenotypic states, 
including fast-growing, slow-growing, and persistent cells. Such SPs are connected through
dynamic transitions driven by stochastic fluctuations and environmental cues [5,73]. While indi-
vidual cells may transiently enter or leave tolerant states, population-level survival during antibiotic 
exposure emerges from the coll ective dynamics of the network rather than from the properties of
any single cell [73]. For example, the presence of a small persister SP can ensure survival of the 
entire population despite the susceptibility of most cells. An SP network representation captures 
both the abundance of these SPs and the transition rates between them, thereby providing a low-
dimensional and mechanistic description of antibiotic tolerance. In th is framework, tolerance
emerges as a network property arising from the flow of cells between phenotypic states rather
than as an intrinsic characteristic of individual cells.

We further challenge this expectation across four case studies spanning reservoir computing, 
microbiome engineering, bioprocess scale-up, and tissue engineering, showing in each case 
how the SP network persp ective either reframes an existing challenge or points toward a solution
that purely reductionist approaches have missed (Figure 3B–F). 

Biocomputing and reservoir computing
Reservoir computing is a machine learning approach where a major part of the underlying 
computational neural network consists of a real physical, chemical, or biological reservoir. It
Trends in Biotechnology, Month 2026, Vol. xx, No. xx 9
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converts complex temporal inputs through a fixed, high-dimensional dynamical system whose 
rich responses are decoded by a simple, trained readout layer. A good reservoir requires two 
properties, that is, response richness, meaning distinguishable outputs for distinct inputs, and 
fading memory, meaning sensitivity to recent inputs that decays for more distant ones. SP 
networks naturally provide both; for example, Faigenbaum-Romm et al. showed that genetically
identical bacteria spontaneously organize into stable SPs with distinct functional states, generat-
ing inherently heterogeneous temporal responses to the same input [5]. Duncker et al. demon-
strated this computationally, engineering a microbial consortium in which distinct SPs sensed 
different chemical signals, producing rich multidimensional temporal outputs that a neural 
network compressed and a simple readout decoded accurately, e ven under strong crosstalk
and in complex hospital wastewater samples [74]. This architecture is structurally identical to 
reservoir computing. In general, several studies have reported that SPs carry memory of past 
conditions through protein inheritance across cell divisions, effectively providing the r eservoir
with multiple tunable timescales of memory simultaneously, a property artificial reservoirs cannot
easily achieve [5,31]. The low-dimensional structure of SP dynamics identified by Baig et al. 
further implies that even modest consortia may provide sufficient reservo ir richness, reducing
both biological complexity and data requirements for training [9]. 

Microbiome engi neering
Microbial communities are heterogeneous, dynamic, and history-dependent in their composition 
and function. The SP network framework has direct implications for niche design: because a popu-
lation contains functionally distinct SPs, local nutrient gradients, substrate composition, mechanical
cues, and inducers can be tuned to selectively favor desired SPs [47,75]. A recent study further 
showed that microbial growth dynamics, though inherently high-dimensional time series data, 
can be compressed into low-dimensional representations using autoencoder neural netwo rks
and that these compressed representations retain, or even improve upon, the predictive power
of the raw data [9]. Such embeddings perform as well as or better than raw growth curves for 
identifying bacterial strains, predicting antibiotic resistance , and forecasting community dynamics.

Bioprocess scale-u p
Bioprocesses are typically scaled-up based on operational parameters from chemical process 
engineering, including volumetric power, mixing time, and oxygen transfer rate [76,77]. To date, 
no direct scale-up rule derived from cell population data has been established, and we argue 
that the SP network framework provides a more robust way to achieve scalability. Studies have 
identified co existing SPs in bioreactors representing two functional extremes, that is, high-
producing but slow-growing cells and fast-growing but low-producing cells [78,79]. These SPs 
participate in a network of interactions governing the trade-off between growth and production. 
Mapping this network and identifying its low-dimensional coordinates would enable a principled, 
population-aware scale-up rule, replacing the current empirical single-parameter approach with
one grounded in the intrinsic structure of the cell community [79]. 

Tissue enginee ring
Cell populations in engineered tissues are similarly heterogeneous and history-dependent, 
making SP-aware scaffold design equally relevant here. Stem and progenitor cells seeded into 
a scaffold rarely differentiate synchronously: local variation in oxygen tension, substrate stiffness, 
and paracrine signaling drives individual cells along divergent trajectories, so that the resulting 
construct is itself a mosaic of SPs whose relative proportions and spatial arrangement shape 
functional outcome at least as much as any single avera ge cell property. The field’s canonical
scaling constraint is the oxygen diffusion limit, which restricts construct thickness to roughly
100–200 micrometers in the absence of vascularization [80]. Beyond this scale, cells at the
10 Trends in Biotechnology, Month 2026, Vol. xx, No. xx



Outstanding questions 
Why do we typically observe a 
limited number of SPs? Is it an effect 
of selection (dimension reduction) or 
experimental artifact? 

What is the link and quantitative 
biology between timing in gene 
expression and resource allocation at 
the single-cell level? 

Can we select SPs based on ecological 
engineering, that is, providing specific 
metabolic niches such  as  in  microbiome  
engineering? Can we find optimal 
SP network str ucture for targeted
applications? From a biocomputation
and machine learning perspective,
could the SPs be assimilated to the latent
variables describing the whole popula-
tion dynamics?
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construct core experience hypoxia and nutrient depletion that push them toward distinct, often 
quiescent, or necrotic SPs, so the transport limitation and the heterogeneity problem compound 
one another rather than acting independently. Combining SP-aware niche engineering, that is, 
designing scaffold architecture and spatially patterned signaling cues to steer the composition 
of the population itself, rather than only its mean phenotype, with this quantitative scaling 
constraint, alongside machine learning to ols for real-time organoid monitoring and phenotype
classification, offers a path toward constructs whose design is guided simultaneously by popula-
tion structure and physical transport scaling [81]. 

Concluding remarks and future perspectives
Several open questions define the near-term research agenda for SP networks, mapping directly 
onto the two central questions raised in the first section, ‘Cell population diversity is a resource to 
be exploited as a primary engineering variable’, of this work. Addressing whether SP networks 
can be reliably inferred from data to explain the low dimensionality of the apparent population 
function requires resolving the origin of the limited SP count observed across systems. It remains 
unclear whether this low count is a genuine biological signature, reflecting selection that 
compresses a high-dimensional phenotypic space into a small number of stable, functionally 
distinct states, or whether it instead reflects the limited resolution of current experimental and 
clustering methods. Disentangling these possibilities will require systematically comparing SP 
counts obtained from techniques of increasing dimensionalit y, moving from single reporters to
multiplexed biosensors, and scRNA-seq applied to the same biological system to test whether
the inferred SP number converges or continues to grow with resolution. A count that converges
across resolutions would support low dimensionality as an intrinsic, selectable property of the
population rather than a measurement artifact.

The answer to the second question, that is, whether SP networks can explain emergent proper-
ties that are difficult to account for at the single-cell level, depends in turn on characterizing the 
mechanisms behind SP emergence itself, which remain incompletely understood. We have 
proposed a quantitative link between gene expression timing and resource allocation at the 
single-cell level: competition for shared resources such as RNA polymerase and ribosomes offers 
a plausible mechanistic basis for the differential expression timing that drives SPs to emerge and 
stabilize. Translating this into predictive, quantitative models, that is, by connecting circuit design,
growth–expression trade-offs, and resulting SP composition, would move the field from qualita-
tive explanation toward engineering design rules andwould show that the existence, stability, and
collective function of SPs are mechanistically traceable to resource-allocation dynamics that are
not visible in a single-cell snapshot.

Finally, the intersection of SP networks with biocomputation and machine learning offers a partic-
ularly promising direction for advancing both questions at once. Treating SPs as the latent vari-
ables underlying compressed representations of population dynamics directly operationalizes 
the question. If population-scale behavior can be reconstructed from a small number of inferred 
SP states, that reconstruction is itself evidence that the observed low dimensionality is real and 
exploitable rather than an artifact of measurement. At the same time, using these inferred states 
to design control strategies that steer SP network structure directly leads to an important appli-
cation, that is, a control strategy that reliably  shapes  emergent  population behavior through 
SP-level intervention, rather tha n single-cell-level intervention. This would be strong evidence
that the SP network is the right organizational layer at which to describe, predict, and engineer
collective function. Addressing how SP organization connects to the broader scaling laws of
biological systems will be essential to moving from describing SP networks to engineering
them (see Outstanding questi ons).
Trends in Biotechnology, Month 2026, Vol. xx, No. xx 11
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