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ESPRESSO: spatiotemporal omics based on 
organelle phenotyping
 

Lorenzo Scipioni    1,2,9  , Giulia Tedeschi1,2,9, Mariana X. Navarro3, 
Yunlong Y. Jia    4,5, Songning Zhu1, Lila P. Halbers    6, Melody Di Bona7, 
Scott X. Atwood    4,5, Jennifer A. Prescher    3,6,8, Enrico Gratton    2 & 
Michelle A. Digman    2 

Omics technologies such as genomics, transcriptomics, proteomics 
and metabolomics methods, have been instrumental in improving 
our understanding of complex biological systems by providing 
high-dimensional phenotypes of cell populations and single cells. 
Despite fast-paced advancements, these methods are limited in their 
ability to include a temporal dimension. Here, we introduce ESPRESSO 
(Environmental Sensor Phenotyping RElayed by Subcellular Structures 
and Organelles), a technique that provides single-cell, high-dimensional 
phenotyping resolved in space and time. ESPRESSO combines fluorescent 
labeling, advanced microscopy and image and data analysis methods to 
extract morphological and functional information from organelles at the 
single-cell level. We validate ESPRESSO’s methodology and its application 
across numerous cellular systems for the analysis of cell type, stress 
response, differentiation and immune cell polarization. We show that 
ESPRESSO can correlate phenotype changes with gene expression, and 
demonstrate its applicability to 3D cultures, offering a path to improved 
spatially and temporally resolved biological exploration of cellular states.

Recent technological advancements have enabled the transition 
of omics technologies from homogenized bulk measurements to 
fine-grained single-cell and spatial analyses. Although informative, 
bulk approaches mask the inherent heterogeneity in cellular subpop-
ulations. Single-cell techniques such as single-cell RNA sequencing 
(scRNA-seq) have overcome this limitation, and can identify distinct 
cell types and rare subpopulations, and provide insights into complex 
biological processes. However, scRNA-seq lacks spatial information, 
hindering our understanding of how individual cells1–3 organize and 
interact. Spatial omics4 represents the natural evolution of these tech-
nologies, and shows how phenotypes are spatially organized, as well 
as the communication networks between cells.

Despite these advancements, capture of the dynamic aspects 
of these interactions remains a significant challenge. Current omics 
techniques, while informative, often fall short in capturing the dynamic 
nature of biological transitions, particularly in metabolic shifts in which 
cells undergo rapid reprogramming of gene expression, protein activity 
and metabolic pathways. To unravel these complexities, time-resolved 
omics data with high temporal resolution are indispensable.

Indeed, transitions between observed phenotypes are just as 
important as their presence, given that numerous cellular processes 
leading to phenotypic changes occur over time, to regulate develop-
ment (for example, differentiation), immune response (for example, 
macrophage polarization), or adaptation to external conditions (for 
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prolonged incubation with the dyes, and imaging, do not signifi-
cantly impact cell viability or cell stress (Supplementary Fig. 2). The 
emission spectra of the dyes panel, however, are highly overlapping 
(Supplementary Fig. 1) and preclude signal discrimination with con-
ventional multicolor microscopy techniques (for example, multiple 
excitation and emission filter sets, Supplementary Fig. 3) that have 
the additional disadvantage of requiring sequential multicolor imag-
ing, which would hinder the quantification of the relative position of 
different organelles inside the cells.

Hyperspectral imaging and phasor unmixing. To overcome this 
limitation we turned to hyperspectral imaging20, a technique based 
on confocal microscopy that enables the simultaneous acquisition of 
the emission spectrum across the visible range in a pixel-wise manner. 
Once the hyperspectral image is acquired, we applied spectral phasor 
unmixing21,22 to separate the signal of the individual probes, to achieve 
simultaneous imaging of the four organelle-targeting fluorophores in 
our panel, regardless of spectral or spatial overlapping. At this stage 
we confronted the challenge presented by the imaging speed. While 
a higher photon count improves the unmixing and quantification of 
the dyes’ response, it also increases the phototoxicity to the sample.

Neural networks. To solve this conundrum we turned to CNNs, now 
ubiquitous in image analysis23 due to their high performance and versa-
tility. We leveraged that power by training a content-aware image resto-
ration (CARE24) denoising CNN to increase the acquisition speed 16-fold 
while maintaining image quality and resolution (Supplementary Fig. 4). 
Furthermore, we added a cell-segmentation CNN (CellPose25) to our 
pipeline to achieve single-cell capability via cell segmentation.

Extraction of single-cell features. Once segmented, we addressed the 
extraction of the organelle features from each of the single cells. After 
unmixing, the images of the target organelles (lysosomes, mitochon-
dria, lipid droplets and DNA) were analyzed morphologically using 
image correlation spectroscopy (ICS26,27), while intracellular organelle 
distribution was assessed using image cross-correlation spectroscopy 
(ICCS28,29). ICS and ICCS are well-established methods to investigate the 
number and size of subcellular structures30–32 and their co-localization 
or distance inside the cell. Although all of the information about these 
important morphological features is indeed encoded in the ICS and ICCS 
functions, a model is traditionally applied to quantify them. This forces 
us to make assumptions about the type of model to apply to quantify the 
organelles under analysis. Aiming to construct ESPRESSO as a general 
framework, we bypassed modeling and fitting and we leveraged the 
entire ICS and ICCS functions, considering each bin of their rotational 
average as a morphological feature. A similar approach was taken when 
extracting functional information. Indeed, the fluorescence intensity of 
each of the selected organelle dyes is dependent on a defined property 
of the target organelle (acidity for lysosomes, membrane potential 
for mitochondria, fatty acids storage for lipid droplets and chromatin 
organization for DNA). Similarly to morphological features, we assessed 
functional features by computing the log-intensity distribution of each 
unmixed organelle image. Information about the heterogeneity in the 
function of individual organelles is encoded not only by descriptors of 
the distribution, but also by the distribution in its entirety, as described 
in detail in the Methods section. As a result, a collection of 3,328 features 
was obtained to report on morphology, intracellular organization and 
function, that can be carried over to the final step in our pipeline, which 
concerns the analysis of the organelle profiles.

Data analysis and clustering. Similarly to gene expression profiles 
in scRNA-seq, organelle properties are normalized, selected and 
reduced in dimensionality by PaCMAP (pairwise controlled manifold 
approximation projection)33, to generate low-dimensional embeddings 
that encode the high-dimensional organelle properties of each cell. A 

example, stress response and metabolic switch). While the pursuit of 
spatiotemporal omics holds immense promise, adapting traditional 
approaches and achieving true spatiotemporal resolution presents 
significant challenges that must be addressed to achieve a deeper 
understanding of these biological processes.

We propose a paradigm shift to the viewing of organelles as a 
target for phenotyping. Extensive literature links organelle properties 
to specific cell states5. Organelle characteristics are tightly linked to 
cellular metabolic processes6 and differentiation state7, and they can 
provide information on the cell’s bioenergetics8. They can identify 
the cellular response to specific stressors (for example, metabolic 
stress9, mitochondrial fragmentation10, mitophagy11, lipid storage12 and 
consumption13). In a process called organelle inheritance14, daughter 
cells with different fates (for example, differentiation state) inherit 
organelles with different characteristics, hinting at the organelle net-
work’s importance in maintaining cellular homeostasis. Techniques 
such as the Cell Painting assay15 leverage organelle properties using 
fluorescent dyes to target various components such as the nucleus, 
endoplasmic reticulum, mitochondria, cytoskeleton, Golgi apparatus 
and RNA, and can be used in drug discovery. Proteomics has also been 
applied in organelle-specific contexts with techniques such as nuclear 
proteomics16, in which nuclear isolation followed by mass spectrom-
etry analysis elucidates protein composition and interactions inside 
the nucleus. Overall, a clear link exists between the morphological 
and functional characteristics of the organelle network (hence, the 
“organelle landscape”) and cell state.

Here, we developed ESPRESSO (Environmental Sensor Pheno-
typing RElayed by Subcellular Structures and Organelles), which 
provides high-dimensional phenotyping resolved in space and time. 
We assembled a panel of four organelle-specific, live-cell dyes with 
signal stable for at least 24 hours. Furthermore, we selected dyes that 
modify their fluorescence intensity based on the biophysical properties 
of their target organelle (for example, lysosomal acidity17 and mito-
chondrial membrane potential18), and report on both morphological 
(for example, number, size, interaction and subcellular organization) 
and functional information from four organelles simultaneously. We 
imaged the labeled cells using hyperspectral imaging19, a fluorescence 
microscopy technique that acquires the entire fluorescence emission 
spectrum pixel by pixel, to enable snapshot multicolor imaging. We 
then combined this labeling and imaging strategy with convolutional 
neural networks (CNNs), signal unmixing, image analysis and data 
analysis tools, to create the ESPRESSO framework. In the following 
sections we present ESPRESSO’s methodology and its application 
across various cellular systems, showcasing its ability to discern dif-
ferent cell types, phenotype adaptation to stressor exposure, and 
cell lineage signature (keratinocyte differentiation, and macrophage 
polarization). We then show that ESPRESSO’s phenotype changes 
correlate with gene expression and, as an example, we present its 
applicability to 3D triple-negative breast cancer (TNBC) spheroids 
in the analysis of their phenotype evolution during collagen invasion 
and response to various stressors. ESPRESSO represents a framework 
that offers high-dimensional phenotyping based on organelles, rep-
resenting the first spatiotemporally resolved omics technique based 
on this approach.

Results
ESPRESSO workflow and cell type phenotyping
Development of a comprehensive method for spatiotemporal omics 
requires multiple techniques merged into a unified framework (Fig. 1a).

Organelle-specific, environment-sensitive dyes. First, we worked 
on defining a panel of four organelle-targeting, live-cell compatible 
fluorescent probes and optimized the staining protocol to achieve 
24 hour continuous imaging with stable fluorescence signal and 
spectral signature in living cells (Supplementary Fig. 1). Importantly, 
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Gaussian mixture model34 clustering algorithm is then applied and the 
number of clusters is based on the minimization of the Davies–Bouldin 
index35, as described in the Methods (Supplementary Figs. 5 and 6). We 
will refer to these clusters that identify cell states based on organelle 
properties, as ESPRESSO phenotypes.

Thanks to a combination of stable organelle-targeting dyes, 
simultaneous multicolor imaging and denoising, signal unmixing 

(Supplementary Fig. 7a), cell segmentation, image analysis and data 
analysis tools, we can obtain ESPRESSO phenotypes at the single-cell 
level and assess their evolution as a function of time for over 24 hours 
(for a detailed workflow, see Supplementary Fig. 7b), as we demon-
strate by discriminating between different cell types (Fig. 1b). While 
bleedthrough signal between the SMCy5.5 and the SiR-DNA dyes can 
still be seen (Supplementary Fig. 4) due to their spectral proximity, 
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Fig. 1 | ESPRESSO workflow and organelle phenotypes of diverse cell lines. 
 a, Schematic diagram of the ESPRESSO workflow (created in BioRender; 
Scipioni, L. (2025) https://BioRender.com/os92ls5, agreement: KR28GXNJR7). 
Cells are labeled with a panel of fluorescent dyes, followed by hyperspectral 
imaging. Organelle images are unmixed and their features are extracted and 
dimensionally reduced. b,c, ESPRESSO PaCMAP of 8,838 cells from four different 
cell lines (MCF10A, MDA-MB-231, N/TERT-2G and RAW264.7-NOS2) color-coded 
by cell line (b) and ESPRESSO phenotype (c). d, The stacked bar plot shows 
the cluster fraction for each ESPRESSO phenotype. e, Representative regions 
of interest showing the unmixed organelle images (top: white, DNA; yellow, 
mitochondria; cyan, lysosomes; magenta, lipid droplets), the cell masks color-

coded by ESPRESSO phenotype (center) and corresponding ESPRESSO PaCMAPs 
(bottom). f, ESPRESSO PaCMAPs color-coded by representative organelle 
properties, calculated as the center of mass of the intensity distribution, cross- or 
auto-correlation curves, as described in the Methods section. g, Swarm plots and 
box-and-whiskers plots quantifying the properties shown in f for each cluster. 
The black central line in the box-and-whiskers plot denotes the median, the box 
extends between the upper and lower quartiles and the whiskers extend between 
the minimum and maximum values, excluding outliers. Data are derived from 
three biological replicates with one technical replicate each. Scale bar, 50 µm.  
LD, lipid droplet; Lyso, lysosome; Mito, mitochondria; a.u., arbitrary units.
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it does not have a marked effect on the quantification, given that we 
do not observe a systematic correlation between lipid droplets and 
chromatin features (Supplementary Fig. 8).

Proof-of-concept experiment. We analyzed four different cell 
lines using the ESPRESSO pipeline as described above. We plated 
MDA-MB-231 (TNBC), MCF10A (non-tumorigenic epithelial),  
N/TERT-2G36 (immortalized keratinocytes) and RAW264.7-NOS237 
(mouse macrophages expressing a NOS2 gene expression reporter) 
cells in growth conditions and segmented a total of 8,838 cells for 
ESPRESSO phenotyping. Gaussian mixture model clustering easily 
identified (Fig. 1c,d) the cell type-specific phenotypes that can be 
used to quantify the characteristics of their organelle network. As an 
example, MDA-MB-231 cells are characterized by a higher chromatin 
compaction when compared with the other cells lines (Fig. 1e), which 
are instead characterized by either high mitochondrial membrane 
potential (MCF10A), high lysosome–lipid droplet distance (N/TERT-2G) 
or low chromatin organization and low mitochondrial membrane 
potential (RAW264.7-NOS2). Finally, ESPRESSO phenotyping, being 
based on microscopy imaging, is intrinsically spatially resolved. Cell 
masks can be color-coded based on the assigned ESPRESSO phenotype 
(Fig. 1f), morphological and functional characteristics can be quanti-
fied (Fig. 1g) and their changes can be followed and analyzed over 
extended periods of time. As an example of a time-resolved dataset, a 
cell synchronization experiment performed over the course of 24 hours 
is shown in Supplementary Figure 9

ESPRESSO phenotype response to stressor exposure
After establishing that ESPRESSO can discriminate between cell types, 
we moved on to studying the effect of stressor exposure. Stress response 
is the cellular response to changes in environmental conditions and 
involves a multifaceted reprogramming of cellular processes to adapt 
to and overcome new environments. As an example, hypoxia (oxygen 
deprivation) reduces the cell’s ability to generate energy through aero-
bic respiration38, leading to a signaling cascade that ultimately results 
in metabolic reprogramming towards a more anaerobic energy pro-
duction. Understanding how different cell lines behave in response to 
different stressors can provide valuable insights into cellular resilience 
and has the potential for therapeutic interventions aimed at modulat-
ing stress responses in disease states. Here, we exposed MCF10A cells to 
chemicals that changed the environmental conditions towards hypoxia 
(CoCl2; ref. 39), cholesterol inhibition (simvastatin40), autophagy inhi-
bition (bafilomycin A1; ref. 41), mitochondrial stress (FCCP, carbonyl 
cyanide-p-trifluoromethoxyphenylhydrazone42) and chromatin compac-
tion (anacardic acid43) or decompaction (trichostatin A44) for 24 hours 
and measured the resulting ESPRESSO phenotype. Our aim is to demon-
strate that the wealth of information obtained by ESPRESSO phenotyping 
can not only detect stress responses, but can also distinguish between 
different types of stress. Indeed, we expected the different treatments 
to activate distinct cellular stress response pathways, leading to distinct 
phenotypes, as a result of the environmental changes we introduced. 
From the ESPRESSO PaCMAPs (Fig. 2a,b) and cluster allocations (Fig. 2c), 
we can identify a major group of cells (center) and two distinct smaller 
groups that we can associate with cells containing large lysosomes (bot-
tom), and with cells containing compacted chromatin (top), as can be 
seen in Figure 2d,e, which reflects the intrinsic heterogeneity of the 
cell population in itself. As for the ESPRESSO phenotype response to 
our panel of stressors, we observed two high-order effects across these 
chemicals: they either altered the allocation of phenotypes that also exist 
in control conditions (CoCl2 and simvastatin) or they introduced new, 
stress-specific phenotypes (for example, trichostatin A, bafilomycin 
A; Fig. 2f). However, for CoCl2 and simvastatin, the result of the pheno-
type adaptation was different between these two chemicals, given that 
CoCl2 favored phenotypes with high fatty acid storage (consistent with a 
hypoxic response45,46), while simvastatin generated higher mitochondrial 

membrane potential and lysosomal acidity (Fig. 2d,e), consistent with 
what is reported elsewhere for other cell types47,48. The other stressors 
tested, however, had a radically different effect on the MCF10A cell cul-
ture, effectively driving the change in organelle traits towards a specific, 
stress-dependent phenotype. In this, ESPRESSO provided the unique 
advantage of not only detecting the exposure to various stressors, but 
also elucidating the mechanism of action on the cell population and 
defining a unique fingerprint for different stressors in living cells.

ESPRESSO time-resolved phenotype evolution during 
keratinocyte differentiation
Moving from stationary analysis of cell states, we turned to two major 
cellular processes that are intrinsically time-resolved: cell differentia-
tion and macrophage polarization.

Cell differentiation characterizes the development from single 
cells to complex living organisms, and it is a dynamic process that 
involves the reprogramming of gene expression profiles. Such repro-
gramming defines the boundaries of a cell’s function, and it is a highly 
regulated process that has been shown to have repercussions for the 
organelle landscape in various cell types. In human skin, keratino-
cytes undergo a continuous process of differentiation that begins 
in the basal layer, the deepest of the layers in the epidermis. As they 
divide, newly formed keratinocytes undergo progressive differentia-
tion as they approach the cornified layer, the outermost layer, where 
they ultimately reach their terminal differentiation state, culminat-
ing in regulated cell death49. In vitro, keratinocytes can be grown in 
low-calcium medium and their differentiation can be triggered by 
calcium supplementation. As shown in Figure 3a, we seeded keratino-
cytes in either control conditions or supplementation with 1.2 mM 
calcium to induce differentiation. We imaged them over the course 
of 22.5 hours at 30 minute intervals, collecting information on a total 
of 73,430 cells. ESPRESSO reports striking phenotype differences 
between keratinocytes in control (Fig. 3b) and calcium-switch (Fig. 3c) 
conditions, showing the emergence of four differentiation-specific 
ESPRESSO phenotypes. Moreover, we were also able to assess the 
phenotype’s temporal evolution, by visualizing the difference between 
phenotypes that arise quickly and others that manifest at a later stage 
(Fig. 3d,e), suggesting heterogeneity in the differentiation response. 
Calcium-specific phenotypes are characterized by drastic morpho-
logical and functional changes in the organelle landscape (Fig. 3f), 
such as an increase in nuclear size and lysosomal acidity in specific 
calcium-induced differentiation cell states, consistent with trends 
seen during keratinocyte differentiation in vivo50,51. Interestingly, the 
phenotype temporal evolution is also accompanied by a large-scale 
spatial rearrangement. In fact, the cell culture is no longer composed 
of isolated cells (Supplementary Video 1), and keratinocytes tend to 
organize in patches (Fig. 3g and Supplementary Video 2), suggesting 
that cell–cell contacts are increased upon calcium-induced differentia-
tion, and mimicking in vivo trends52. Given that the phenotype changes 
during keratinocyte differentiation occur across both space and time, 
this application showcases the power of ESPRESSO spatiotemporal 
omics not only to identify the presence of distinct phenotypes, but also 
to provide insights into their spatiotemporal evolution.

ESPRESSO phenotype evolution during macrophage M1 
activation correlates with gene expression
We sought to understand whether ESPRESSO phenotypes can be 
correlated with gene expression and focused on the process of mac-
rophage polarization. Macrophages53 are immune cells that target 
pathogens as well as bacteria or debris. They are characterized by a pro-
cess named polarization, triggered by an inflammatory response, that 
leads to the acquisition of two broad phenotypes: pro-inflammatory 
(or M1-polarized) and anti-inflammatory (or M2-polarized) mac-
rophages54. M1 polarization can be achieved in vitro by exposing the 
cells to lipopolysaccharide (LPS), a component of the outer membrane 

http://www.nature.com/naturemethods


Nature Methods

Article https://doi.org/10.1038/s41592-025-02863-4

−5 0 5 10

PaCMAP 1

−15

−10

−5

0

5

10

Pa
C

M
AP

 2

−5 0 5 10

PaCMAP 1
−5 0 5 10

PaCMAP 1
−5 0 5 10

PaCMAP 1
−5 0 5 10

PaCMAP 1
−5 0 5 10

PaCMAP 1
−5 0 5 10

PaCMAP 1

Control CoCl2 Simvastatin Bafilomycin A1 FCCP Anacardic acid TSA

AA

Bafilomycin A1

CoCl2

Control

FCCP

Simvastatin

TSA

−15

−10

−5

0

5

10

Pa
C

M
AP

 2

−5 0 5 10

PaCMAP 1

0

1

2

3

4

5

6

7

8

9

10

11

12

−5 0 5 10

PaCMAP 1

0.34 0.97

Lysosomal
acidity

Mitochondrial
membrane
potential

Chromatin
organization

−5 0 5 10

PaCMAP 1

−15

−10

−5

0

5

10

Pa
C

M
AP

 2

0.26 0.55

−5 0 5 10

PaCMAP 1

0.16 0.81

−5 0 5 10

PaCMAP 1

Large
lysosomes

Compacted
chromatin

Control
phentoypes

O
rg

an
el

le
s

ES
PR

ES
SO

a b d

e

c

f

Cluster allocation

C
on

tr
ol

C
oC

l 2

Si
m

va
st

at
in

Ba
fil

om
yc

in
 A

1
FC

C
P

AA TS
A

0

0.2

0.4

0.6

0.8

1.0

C
lu

st
er

 fr
ac

tio
n

0

200

400

600

800

1,000

N
um

be
r o

f c
el

ls

0 1 2 3 4 5 6 7 8 9 10 11 12

Cluster no.

0
0.50
1.00
1.50
2.00

C
hr

om
at

in
or

ga
ni

za
tio

n
(a

.u
.)

0.2
0.4
0.6
0.8
1.0

Ly
so

so
m

al
ac

id
ity

 (a
.u

.)

0

0
0.4
0.8
1.2

M
ito

ch
on

dr
ia

l
m

em
br

an
e

po
te

nt
ia

l (
a.

u.
)

Fig. 2 | Differential ESPRESSO phenotype response to stressor exposure.  
a,b, ESPRESSO PaCMAP color-coded by cell treatment (a) and ESPRESSO 
phenotype (b). Regions highlighted in b correspond to phenotypes 
characterized by compacted chromatin (top) and large cells (bottom).  
c, Stacked bar plots highlighting the number of cells (top) and fraction (bottom) 
of ESPRESSO phenotypes arranged by cell treatment. d,e, ESPRESSO PaCMAPs 
color-coded by representative organelle properties (d) and corresponding 
swarm plots and box-and-whiskers plots (e). The black central line in the box-and-
whiskers plot denotes the median, the box extends between the upper and lower 
quartiles and the whiskers extend between the minimum and maximum values, 

excluding outliers. Data are derived from three biological replicates with three 
technical replicates each. Organelle properties are calculated as the center of 
mass of the intensity distribution, cross- or auto-correlation curves, as described 
in the Methods section. a.u., arbitrary units. f, Representative regions of interest 
showing the unmixed organelle images (top: white, DNA; yellow, mitochondria; 
cyan, lysosomes; magenta, lipid droplets), the cell masks color-coded by 
ESPRESSO phenotype (middle), and the corresponding ESPRESSO PaCMAPs 
(bottom, regions highlight phenotypes present in control conditions). Scale bars, 
50 μm. AA, anacardic acid; FCCP, carbonyl cyanide-p-trifluoromethoxyphenylhy
drazone; LD, lipid droplet; Mito, mitochondria; TSA, trichostatin A.
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of Gram-negative bacteria. LPS is recognized as an inflammatory agent 
by macrophages, initiating M1 polarization as a result. M1 polariza-
tion is characterized by overexpression of numerous cytokines and 
chemokines, together with enzymes and other proteins that prepare 
the cell to counteract a potential infection. Of these, iNOS (inducible 
nitric oxide synthase) plays a crucial role in the production of nitric 
oxide (NO) and its expression is regulated by NOS2 (ref. 55). Here, we 
used an immortalized mouse macrophage cell line (RAW264.7-NOS237) 

stably transduced with a gene expression reporter for NOS2. Upon NOS2 
expression, the cell line also expresses CeNL, a bioluminescent reporter 
comprising a fluorescent protein (mTurquoise2): the intensity of the 
fluorescent reporter correlates directly with NOS2 expression. For this 
experiment we seeded RAW264.7-NOS2 macrophages in growth condi-
tions and in the presence of LPS (Fig. 4a) and imaged them for 24 h in 
30 minute intervals. Importantly, we simultaneously monitored the 
ESPRESSO phenotype (Fig. 4b,c) as well as mTurquoise2 fluorescence 
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Fig. 3 | ESPRESSO phenotype evolution during keratinocyte differentiation. 
a, Schematic diagram of the experimental workflow (created in BioRender; 
Scipioni, L. (2025) https://BioRender.com/os92ls5, agreement: AI28GXNJU7). 
N/TERT-2G keratinocytes are plated and imaged for 22.5 h in growth conditions 
(top) or in medium supplemented with 1.2 mM Ca2+ to induce differentiation 
via calcium switch. b,c, ESPRESSO PaCMAPs of 73,430 cells in untreated (b) and 
calcium-switch (c) conditions, color-coded according to ESPRESSO phenotype. 
d,e, Stacked bar plots showing the cluster fraction as a function of time for 
keratinocytes in untreated (d) and calcium-switch (e) conditions. f, ESPRESSO 

PaCMAPs color-coded by representative organelle properties, calculated as the 
center of mass of the intensity distribution, cross- or auto-correlation curves, as 
described in the Methods section. g, Representative regions of interest showing 
the unmixed organelle images (top: white, DNA; yellow, mitochondria; cyan, 
lysosomes; magenta, lipid droplets), the cell masks color-coded by ESPRESSO 
phenotype (middle), and the corresponding ESPRESSO PaCMAPs (bottom). 
Scale bars, 100 μm. Mito, mitochondria. Data are derived from three biological 
replicates with three technical replicates each.
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Fig. 4 | Correlation of ESPRESSO phenotype evolution during macrophage M1 
polarization with gene expression. a, Schematic diagram of the experimental 
workflow (created in BioRender; Scipioni, L. (2025) https://BioRender.com/
os92ls5, agreement: DX28GXNJW9). RAW 264.7 macrophages transduced with 
a NOS2-mCerulean gene expression reporter are plated and imaged for 24 h in 
growth conditions (top) or in medium supplemented with LPS. b,c, ESPRESSO 
PaCMAPs of 67,381 cells in untreated (b) and M1 polarization (c) conditions, 
color-coded according to the ESPRESSO phenotypes. d, ESPRESSO PaCMAP 
color-coded according to NOS2 gene expression, calculated as the center of 
mass of the mCerulean intensity distribution. e,f, Stacked bar plot showing the 
number of cells per cluster as a function of time for macrophages in untreated 
(e) and M1 polarization (f) conditions. g, Box-and-whiskers plot showing the 
distribution of NOS2 expression per cluster as the fold-change relative to the 
cluster with the least expression. The dashed horizontal line at 1 serves as a 
visual guide. h, ESPRESSO PaCMAPs color-coded by representative organelle 
properties, calculated as the center of mass of the intensity distribution as 

described in the Methods section. i, Representative regions of interest at 0 h 
and 24 h for Control and LPS-treated cells, showing the cell masks color-coded 
by ESPRESSO phenotype. j, Histogram (top) and box-and-whiskers and swarm 
plots (bottom) of the diffusion coefficient obtained by analyzing tracks from 837 
control and 636 LPS-treated cells. Gray dots in j (bottom) denote the calculated 
diffusion coefficient from individual tracks. k, Cell state transition matrices 
from control (top) and LPS-treated (bottom) cells, representing the number 
of cells that belonged to a certain cluster (starting cluster no.) in the first 2 h of 
the experiment and transitioned to another (ending cluster no.) at the end of 
the track. l, Curves representing NOS2 expression level for control (top) and 
LPS-treated (bottom) cells as a function of time. In box-and-whiskers plots, the 
central black line identifies the median while the extension of the box identifies 
the upper and lower quartiles, and the whiskers extend to the minimum and 
maximum values, excluding outliers. Scale bars, 50 μm. Mito, mitochondria.  
Data in g and j are derived from one biological replicate with three technical 
replicates each.
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intensity (Fig. 4d), to enable the concurrent detection of organelle 
properties and NOS2 gene expression. We identified three ESPRESSO 
phenotypes (clusters 0, 6 and 8) exclusively present or enriched after 
24 h of LPS exposure (Fig. 4e,f). These ESPRESSO phenotypes are char-
acterized by chromatin reorganization and an increase in lysosomal 
acidity and mitochondrial membrane potential, effects also reported 
in the literature37. Importantly, we quantify the gene reporter fluores-
cence intensity levels and found all three phenotypes to significantly 
upregulate NOS2 expression (Fig. 4d,g), providing a direct link between 
gene expression and the organelle reorganization (Fig. 4h). Expanding 
our analysis further, we performed cell tracking on our dataset (exam-
ple of images color-coded by ESPRESSO phenotype shown in Fig. 4i), 
obtaining tracks from 837 control and 636 LPS-treated cells, to quan-
tify an overall decrease in cell migration (Fig. 4j) with LPS treatment. 
Leveraging the possibility to continuously monitor individual cells, we 
constructed cell state transition matrices (Fig. 4k) that can character-
ize the most common cell state transitions (red squares). Notably, we 
can observe a profound change in these transitions between control 
and LPS-treated cells. In particular, cell state transition from cluster 9 
in control conditions veers towards clusters 1, 3 and 9 itself, while LPS 
treatment increases the weight toward M1-specific ESPRESSO clusters 
(0, 6 and 8). Finally, as expected, we can observe that the transition 
from cluster 9 to M1-specific ESPRESSO clusters results in a significant 
increase in NOS2 expression (Fig. 4l), which is not the case if we consider 
the cell state transitions that are common in control conditions (1, 3 
and 9), that maintain a lower expression of NOS2 on par with values 
measured in control conditions. This shows that ESPRESSO can not 
only identify phenotypes that correlate with NOS2 expression, but can 
also identify the panorama of cell state transitions occurring between 
these phenotypes, and thereby highlighting the ones that will eventu-
ally result (or not) in an increase of expression of the target gene.

Keratinocyte differentiation with ESPRESSO and single-cell 
RNA sequencing
ESPRESSO extracts high-dimensional morphological and functional 
information from a number of organelle markers. Can this information 
be related to other high-dimensional phenotyping methods, in particu-
lar transcriptomics? To answer this question we performed an experi-
ment (Fig. 5a) in which we analyzed a culture of N/TERT-2G keratinocytes 
in control conditions or exposure to 1.2 mM calcium for 24 hours, using 
ESPRESSO. After imaging we detached the cells, performed scRNA-seq 
(Supplementary Fig. 10), and compared the scRNA-seq results with 
those of ESPRESSO analysis (Supplementary Fig. 11).

There are notable similarities and differences between the two 
techniques. In terms of dimensionality, we recover similar values in 
terms of number of cells (scRNA-seq, 11,907; ESPRESSO, 15,414), data 
dimensionality (scRNA-seq, 6,669 median number of genes per cell; 
ESPRESSO, 3,328 features per cell) and number of features used for 
dimensionality reduction (scRNA-seq, 2,000; ESPRESSO, 555). The 
resulting phenotype maps also appear similar, in that both methods 
recovered clusters that were either shared between the two samples 
or were specific to calcium differentiation (Fig. 5b–e). As a result, we 
divided both datasets into two macro-phenotypes: shared and cal-
cium specific (Fig. 5f,g). We then proceeded to evaluate differences in 
enrichment of specific gene sets that could correlate with ESPRESSO 
(Fig. 5h,i), finding a positive correlation between an increase in the num-
ber of, and fatty acid storage by, lipid droplets in ESPRESSO, and the 
upregulation of fatty acid metabolism and adipogenesis in scRNA-seq. 
Furthermore, we show a marked increase in chromatin organization 
(with ESPRESSO) that correlated with a decrease in stemness (with 
scRNA-seq, quantified by CytoTRACE), while we observe a minimal 
increase in the size of nuclear features (ESPRESSO) and a small decrease 
in chromatin regulation (scRNA-seq). Similarities between the two tech-
niques extended to the mitochondrial features, while the lysosomal 
features were found to be contradictory, with scRNA-seq expecting an 

increase in lysosomal acidification while ESPRESSO reports a decrease 
in lysosomal acidity (Supplementary Fig. 12). Among the differences, 
ESPRESSO picked up a rare cluster of cells (~0.1 % of the cell popula-
tion) characterized by larger cellular area and unique morphological 
properties for which we do not see the correspondence in scRNA-seq. 
Furthermore, while scRNA-seq suggests an increase in lysosomal acid-
ity based on lysosomal gene sets enrichment (Supplementary Fig. 12a), 
ESPRESSO detects a decrease in lysosomal acidity with unchanged 
lysosomal size (Supplementary Fig. 12b).

While similarity between the two techniques is important for 
validation and interpretability, the differences highlight the impor-
tance of combining upstream (gene expression by scRNA-seq) and 
downstream (organelle features by ESPRESSO) phenotyping methods. 
In addition to phenotype analysis, and differently from scRNA-seq, 
ESPRESSO also enables spatial analysis (Supplementary Fig. 13). 
Analysis of the inter-cluster neighborhood enrichment score showed 
a marked increase in association between the calcium-specific phe-
notypes, which tend to localize close to each other, and a marked 
decrease in association between the calcium-specific and the shared 
phenotypes, which instead tend to localize away from each other after 
calcium-induced differentiation. Overall, we have demonstrated the 
compatibility between ESPRESSO and scRNA-seq. The synergy between 
these two techniques will enhance the understanding of cellular pheno-
types, providing high-dimensional, interpretable gene expression pro-
files (scRNA-seq) together with spatiotemporal context (ESPRESSO).

Phenotype response in 3D cultures: tumor spheroid invasion 
and response to stressors
So far, we have applied ESPRESSO phenotyping to both static and lon-
gitudinal analysis of cell types, stressor exposure, differentiation, and 
polarization in 2D cell cultures. Many biological systems, however, 
are not well recapitulated in vitro in 2D cultures, and instead require 
complex 3D systems56–58. An example of these systems is TNBC, a highly 
aggressive class of breast cancer particularly resistant to chemotherapy 
due to the loss of three major chemotherapy targets (estrogen receptor, 
progesterone receptor and HER259). In breast cancer studies, tumor 
spheroids and organoids have been shown to better recapitulate the 
cell types found in vivo, making them an invaluable tool in the battle 
against cancer60,61. We sought to demonstrate that ESPRESSO can be 
applied longitudinally to complex 3D cultures and can be used to assess 
phenotype-specific responses to stressors in 3D tumor spheroids. To 
this aim, we generated tumor spheroids from TNBC cells (MDA-MB-231) 
and subsequently embedded them in a collagen matrix, similarly to 
our previous work20,62,63. Over time, cells at the surface of the spheroids 
undergo a metabolic switch and begin invading the collagen matrix, 
an event occurring at approximately 12–16 hours after embedding 
(Fig. 6a). To capture the phenotype evolution of single cells in TNBC 
spheroids, we performed a 16 hour volumetric time lapse from 9 to 
25 hours after embedding (Fig. 6b–e). We observed the increase in allo-
cation of two clusters (0 and 3 in Fig. 6d) during collagen invasion. We 
postulate that these phenotypes are the collagen-invading phenotypes, 
as also supported by the fact that cells in these clusters localize further 
from the spheroid center (Fig. 6c). This analysis can precisely identify 
the characteristics of collagen-invading phenotypes, thereby provid-
ing tools to target them specifically. It is worth noting that ESPRESSO 
analysis is limited to collagen-invading cells and the superficial lay-
ers of the spheroids, and does not extend to the deeper layers. This is 
due to the compact nature of TNBC tumor spheroids, which poses an 
obstacle to both the diffusion of the dyes and the penetration of the 
illumination laser, and which should be evaluated on a case-by-case 
basis when applying ESPRESSO to 3D samples.

A common parameter used to assess the viability of a spheroid 
culture is the size (or number of cells) as a function of time or concentra-
tion of a specific treatment64. Nonetheless, for a more comprehensive 
evaluation of treatment response, it is essential to consider the nature 
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Fig. 5 | ESPRESSO and scRNA-seq: multiomics phenotype characterization 
of keratinocyte differentiation. a, Schematic diagram of the experimental 
workflow (created in BioRender; Scipioni, L. (2025) https://BioRender.com/
os92ls5, agreement: CW28GXNJZ8). N/TERT-2G keratinocytes were plated in 
4-well plates and cultured in growth medium (Control-1 and Control-2) or in 
1.2 mM Ca2+ (Calcium-1 and Calcium-2) for 24 h. All samples were imaged for 
ESPRESSO phenotyping, and then the samples were successively detached and 
sequenced via scRNA-seq. b–g, Single-cell analysis by scRNA-seq (b,d,f) and 
ESPRESSO (c,e,g), showing low-dimensional embeddings color-coded by cluster 
(b,c, left) or experimental condition (d,e, left), along with bar plots showing 
the cluster fraction per condition (b,c, right) or the fraction of cells of different 
condition per cluster (d,e, right). Given that both methods output a number of 

clusters that are calcium specific (red bars in d and e, right) and others that are 
shared between the two conditions, we have defined two macro-phenotypes: 
Calcium and Shared, color-coded yellow and cyan, respectively, in the low-
dimensional embeddings in f and g. h,i, Heatmaps for gene sets enrichment 
obtained by scRNA-seq (h) or organelle features obtained by ESPRESSO (i) and 
the corresponding boxplot for the two macro-phenotypes, with black dots 
representing values for individual cells. The highlighted regions represent the 
areas corresponding to the Calcium macro-phenotype. Data are derived from 
one biological replicate with two technical replicates each. The black central line 
in the box-and-whiskers plot denotes the median, the box extends between the 
upper and lower quartiles and the whiskers extend between the minimum and 
maximum values, excluding outliers. FA, fatty acid; LD, lipid droplet.
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of the targeted cells. To understand which cells are more susceptible to 
specific treatments, we sought to analyze how each chemical affects 
the phenotype composition of the spheroid. Indeed, we will show 
that ESPRESSO can identify whether or not the collagen-invading 

phenotypes in the 3D TNBC organoids are targeted by an external 
treatment (Fig. 6f). We exposed the spheroids to CoCl2 and simvastatin 
for 72 h and mapped their ESPRESSO phenotype (Fig. 6g,h). We used 
two different concentrations of CoCl2, 100 μM or 300 μM, because 
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they are reported to have different effects on spheroid growth65, as 
reflected by the cell number per spheroid (Fig. 6i) being unaffected 
for 100 μM and dramatically decreasing for 300 μM CoCl2. Addition-
ally, we considered simvastatin at a concentration causing a simi-
lar reduction in the spheroid cell number66. First, we identified the 
collagen-invading phenotypes (2, 5 and 8) as the phenotypes that 
characterize cells that have migrated further from the center of the 
spheroid. For each condition, we report on the cluster allocation for the 
ESPRESSO phenotypes (Fig. 6j). Then, we note that CoCl2 has an effect 
on the spheroids (Fig. 6k), while not affecting the number of cells per 
spheroid. This effect is mostly localized to cells closer to the surface of 
the spheroid, where cells undergo a major phenotype change towards 
highly acidic lysosomes, while the collagen-invading phenotypes are 
not affected. Indeed, even at a cytotoxic concentration of 300 μM, we 
can see a major phenotype change on the surface of the spheroid, while 
the collagen-invading phenotypes are still present in a high percentage, 
suggesting a resistance of collagen-invading phenotypes to hypoxic 
conditions. In contrast, while also reducing the number of cells per 
spheroid, simvastatin exposure results in a massive population shift 
(Fig. 6l) towards a unique phenotype (cluster 4) and, more importantly, 
in a drastic reduction of the collagen-invading phenotypes. While the 
beneficial effect of simvastatin in the treatment of breast cancer has 
been investigated in the past and recently, with ESPRESSO we can show 
that the mechanism underlying this outcome relies on the ability of 
simvastatin to target collagen-invading TNBC phenotypes in vitro, 
introducing a unique phenotype that is underrepresented in both 
control and hypoxic conditions.

Discussion
While current omics techniques offer valuable snapshots of cellular 
states, they can fail to capture the dynamic nature of biological pro-
cesses. This is particularly true for metabolic transitions, in which cells 
undergo rapid reprogramming of gene expression, protein activity and 
metabolite usage. To fully understand these transitions and their role 
in health and disease, time-resolved omics data with high temporal 
resolution are crucial. Although methods that enable time-resolved 
phenotyping exist, they are not often limited to particular processes67, 
require heavy training68,69, rely on genetic manipulation67 and/or are not 
applicable to 3D models68,70. Indeed, a high-dimensional phenotyping 
technique that is applicable at the single-cell level, time-resolved and 
that does not require genetic manipulation would be game-changing 
in omics technology, with important repercussions in biology and 
medicine. Such data would enable researchers to track the step-by-step 
changes that occur during transition, elucidating key regulatory points 
and potential therapeutic targets. The development of faster, more 

sensitive omics techniques is therefore essential to unlock the secrets 
of these dynamic metabolic shifts. However, despite the organelle 
landscape’s importance, consistent, broadly applicable methods for 
reliably extracting morphological and functional information from 
organelles, especially in a time-resolved manner, are lacking. This stems 
from several technical and technological barriers: the lack of stable, 
organelle-specific fluorescent dyes suitable for live-cell imaging hin-
ders longitudinal studies; the limited number of snapshot multicolor 
technologies results in long integration times and high phototoxicity; 
and existing profiling methods are typically use-specific and difficult 
to generalize to other biological samples.

This work introduces ESPRESSO (Environmental Sensor Pheno-
typing RElayed by Subcellular Structures and Organelles), a spati-
otemporally resolved, high-dimensional, single-cell technique aimed 
at improving our understanding of the organelle landscape in health 
and disease. As omics technologies have progressed from bulk, to 
single-cell, to spatial analyses, the need to access dynamic interactions 
in cellular systems has become increasingly important. ESPRESSO 
offers insights into cellular plasticity and paves the way for new discov-
eries in biology and potential therapeutic interventions in various dis-
ease states. A number of technical limitations remain, notably related 
to dye penetration in tissues. Indeed, depending on the accessibility of 
the 3D system, some dyes will need to be excluded or designed ad hoc. 
Furthermore, we are currently targeting only four organelles. While 
important for their implications in metabolism and other physiologi-
cal cellular processing, increasing the number of targets could provide 
important insights into other processes, such as migration/adhesion 
and protein synthesis and processing, for example. Future directions 
for ESPRESSO development include overcoming the aforementioned 
limitations, while exploring a functional link between organelle fea-
tures and protein and gene expression, by leveraging spatial proteom-
ics and transcriptomics, respectively. ESPRESSO provides the research 
community with a powerful phenotyping tool to explore the intricate 
workings of complex cellular systems with detail and precision.
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Methods
The authors declare that this research complies with all relevant ethics 
regulations, under the University of California, Irvine biological use 
authorization (BUA) protocol BUA-R203.

Cell culture
All cell lines were obtained from ATCC, with the exception of N/TERT-2G 
keratinocytes36 (a gift from J. P. H. Smits, Radboud University Medical 
Center, Nijmegen, The Netherlands). RAW264.7-NOS2 were obtained 
according to our previous work37. No authentication method was used.

RAW264.7-NOS2 cells and MDA-MB-231 cells were cultured in 
DMEM (DMEM high glucose, with L-glutamine, GenClone), supple-
mented with 10% v/v FBS (heat inactivated FBS, GenClone) and 1% 
v/v penicillin–streptomycin solution 100× (10,000 units of penicillin 
and 10 mg ml−1 streptomycin in 0.85% saline solution, GenClone). The 
RAW264.7-NOS2 cell line stably expresses the Nano-lantern CeNL 
under the NOS2 promoter as described in our previous work37, which 
consist of a luminophore (Nluc) linked to a fluorescent protein (mTur-
quoise2)71. MCF10A cells were cultured in DMEM/F12 medium (Gibco), 
supplemented with 5% v/v horse serum (heat inactivated, Invitrogen), 
epidermal growth factor (Peprotech), hydrocortisone (Sigma), cholera 
toxin (Sigma), insulin from bovine pancreas (Sigma), and 1% v/v penicil-
lin–streptomycin solution 100× (10,000 units penicillin and 10 mg ml−1 
streptomycin in 0.85% saline solution, GenClone). N/TERT-2G were 
cultured in Keratinocyte SFM (1X) medium (Gibco), supplemented 
with 50 μg ml−1 bovine pituitary extract (Gibco) and 5 ng ml−1 human 
recombinant EGF (Gibco) following the manufacturer instructions, and 
1% v/v penicillin–streptomycin solution 100× (10,000 units penicillin 
and 10 mg ml−1 streptomycin in 0.85% saline solution, GenClone). All 
cell lines were cultured in a 37 °C and 5% CO2 incubator

Labeling
LysoTrackerGreen DND-26 (ThermoFisher Scientific L7526), tetra-
methylrhodamine methyl ester (TMRM, Cayman Chemical 21437), 
SMCy5.5 (BioTechne 7295) and SiR-DNA (SiR-Hoechst, Cytoskeleton 
Inc.CY-SC007) were used throughout this work. A 1,000X mixture 
of these dyes (Lysotracker Green 200 μM, TMRM 100 μM, SMCy5.5 
3 μM and SiR-Hoechst 670 μM) was prepared in dimethylsulfoxide and 
stored for a maximum of 4 weeks. The mixture was applied at 1X to cells 
upon plating, diluted with the culture medium, and at the moment of 
administering the treatments.

2D sample preparation
Cells were seeded in 8-well chambers (Cellvis) in the appropriate cell cul-
ture medium containing the 1X dye mixture. After 24 h half of the medium 
was replaced with the same medium containing the 1X dye mixture. 
MDA-MB-231, MCF10A and N/TERT-2G cells were seeded at 30,000 cells 
per well, RAW264.7-NOS2 cells were seeded at 50,000 cells per well.

Upon passaging, MCF10A cells were split into three flasks and 
passed in parallel for at least two additional passages, so that each 
flask constitutes a biological replicate. Each condition described 
below was tested on each of the replicates, with the exception of 
FCCP and bafilomycin A1, which were tested on a single replicate. 
For the stressor-exposure experiments, MCF10A cells were seeded 
in 8-well imaging chambers (Cellvis) at 30,000 cells per well in 
culture medium containing the 1X dyes mixture. The next day, the 
medium was replaced either with medium containing the 1X dyes 
mixture as the control or with medium containing the 1X dyes mix-
ture + one of the following treatments, at the following final con-
centrations: anacardic acid (Sigma-Aldrich) 60 μM, trichostatin A 
(Sigma-Aldrich) 1 μM, bafilomycin A1 (Cayman Chemical) 50 nM, 
carbonyl cyanide-p-trifluoromethoxyphenylhydrazone (FCCP; 
Sigma-Aldrich) 1.25 μM, cobalt chloride CoCl2 400 μM (Sigma-Aldrich), 
simvastatin (Sigma-Aldrich) 20 μM. Cells were incubated for 24 h with 
the individual treatments before imaging.

For macrophage polarization experiments, RAW264.7-NOS2 cells 
were seeded at 50,000 cells per well in culture medium containing a 
1X dyes mixture. The next day, half of the medium was replaced with 
medium containing the 1X dyes mixture as the control, and the other 
half was replaced with medium containing the 1X dyes mixture and LPS 
solution (Invitrogen) with a final concentration of 500 ng ml−1 for the 
polarization treatment.

For the keratinocyte calcium-switch experiments, N/TERT-2G 
cells were thawed and split into three flasks and passed in parallel 
for at least two passages, so that each flask constitutes a biological 
replicate. The control dataset was acquired on a single biological 
replicate in three technical replicates (multiple positions in the same 
well) while the calcium-induced differentiation was performed on 
all three biological replicates in three technical replicates (multiple 
positions in the same well). N/TERT-2G cells were seeded in 8-well 
imaging chambers (Cellvis) at 30,000 cells per well in culture medium 
containing the 1X dyes mixture. The next day, half of the medium was 
replaced with medium containing the 1X dyes mixture as the control, 
and the other half was replaced with medium containing the 1X dyes 
mixture and calcium chloride (Gibco) at a final concentration of 
1.2 mM for the calcium-switch treatment. Upon thawing, N/TERT-2G 
cells were split into three flasks and passed in parallel for at least two 
passages, so that each flask constitutes a biological replicate. The 
control dataset was acquired on a single biological replicate in three 
technical replicates (multiple positions in the same well) while the 
calcium-induced differentiation was performed on all three biologi-
cal replicates in three technical replicates (multiple positions in the 
same well).

Cell synchronization was performed according to the double 
thymidine block method. AU-565 cells (ATCC) were seeded in 8-well 
imaging chambers (Cellvis) at 7,000 cells per well in RPMI culture 
medium with L-glutamine (Dutscher L0500-500), supplemented with 
1 mM sodium pyruvate and 10 mM HEPES (day 1). Two days later (day 
3), the medium was changed to culture medium containing 2 mM thy-
midine and incubated for 18 h. On day 4, cells were washed three times 
in warm Dulbecco’s phosphate-buffered saline (DPBS) and incubated 
in culture medium (without thymidine) for 9 h. On the evening of day 
4, cells were incubated in culture medium with 2 mM thymidine and 
1X ESPRESSO dye mixture for 16 h. On the morning of day 5, cells were 
washed three times in warm DPBS, incubated in medium containing 1x 
ESPRESSO dye mixture and imaged for 24 h with parameters listed in 
Supplementary Table 1, 5 min after medium change.

3D sample preparation
MDA-MB-231 spheroids were formed, starting from a culture of 
10,000 cells per spheroid, mixed with the same medium used for 
2D cell culture and a 2% v/v Cultrex UltiMatrix Reduced Growth Factor 
Basement Membrane Extract (BioTechne, R&D systems) solution in 
96-well round-bottom plates (Corning Costar Ultra-Low Attachment 
Multiple Well Plate), similarly to our previous work20,62. After a brief 
centrifugation (5 min at 180 × g) and 24 h of incubation (37 °C, 5% 
CO2), the spheroids were labeled with the dye mixture. The follow-
ing day the spheroids were transferred to 8-well chambers (Cellvis) 
and embedded in a 2.0 mg ml−1 collagen type-1 gel matrix (Corning 
Collagen I, High concentration, Rat Tail, 100 mg). Medium contain-
ing the dye mixtures was added on top of the matrix after collagen 
polymerization and incubated at 37 °C and 5% CO2 until the moment 
of imaging.

For the time lapse experiments, four different spheroids were 
prepared and imaged. For the data collected 72 h after embedding, 
four different spheroids per condition were prepared and imaged. At 
the moment of medium and dyes addition on top of the polymerized 
collagen matrix, the following compounds were added: simvastatin 
(Sigma-Aldrich) final concentration 20 μM; or cobalt chloride (CoCl2, 
Sigma-Aldrich) final concentration 100 μM or 300 μM.
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Viability assays and analysis
The number of viable cells was determined by quantifying the amount 
of ATP present (metabolically active cells) using the CellTiterGlo2 assay 
(Promega), following the manufacturer instructions. Cells were seeded 
in black, flat-bottom 96-well plates (Greiner Bio-One) and, 24 h later, 
Espresso-mix was added at a 1:1,000 ratio in the sample wells and not 
in the control wells. After 24 h the cells were washed and CellTiterGlo2 
assay mix was added at a 2:1 ratio. Bioluminescence measurements were 
acquired with a Tecan Spark M10 multimode microplate reader. Three 
independent replicates were used.

Cells (N/TERT-2G, MDA-MB-231, RAW264.7-NOS2, MCF10A) were 
seeded in duplicate in 24-well plates. At 24 h, Espresso-mix was added 
at a 1:1,000 ratio in the sample wells and not in the control wells. At 
24 h later, cells were washed, lifted and counted using a Countess II 
Automated Cell Counter (ThermoFisher). The total number of cells 
and number of live cells were recorded.

Graphs were generated and statistical analysis (multiple t-test, 
unpaired, non-parametric, Kolmogorov–Smirnov test, threshold for 
P value set at 0.05, Holm–Sidak method for correction of multiple 
comparisons) was carried out using Graphpad PRISM (v10.3.0).

Hyperspectral imaging and unmixing
Imaging was performed with a Zeiss LSM880 with Spectral (Quasar) 
detector and ZEN 2.3 Black software for acquisition (v14.0.29.201). 
ESPRESSO images were acquired with a ×63, 1.4 numerical aperture 
(NA) oil objective (Zeiss) with a variable number of tiles, each tile 
consisting of a 512 × 512 pixels image with a 120 nm pixel size, and 
spheroid measurements were acquired with a ×40/0.75 NA air objec-
tive (Zeiss). Two dichroic mirrors (MBS 488/561/633 and MBS 405) 
were selected for excitation with 488, 561, 633 and/or 405 nm lasers. 
All measurements in 2D were taken with both the 488 nm (0.1%, cor-
responding to 0.2 μW) and the 633 nm (1%, corresponding to 4 μW) 
lasers, and macrophage polarization measurements also include 
excitation with the 405 nm laser (0.2%, corresponding to 5.5 μW) for 
the gene expression reporter. All measurements in spheroids were 
taken with both the 488 nm (0.5%, corresponding to 6.9 μW) and 
the 633 nm (1.5%, corresponding to 7.7 μW) lasers. Laser power was 
measured after the objective using a power meter set for each specific 
wavelength (Thorlabs). Images are saved as Zeiss.lsm files. For spectral 
unmixing, average emission spectra from MDA-MB-231 cells labeled 
with the individual dyes have been imaged and saved in a database. 
During processing, the spectra are loaded and transformed in spectral 
coordinates (up to the second harmonic, enabling up to five-color 
unmixing) and used as pure components for linear unmixing. Negative 
values in the unmixed images are set to 0. The raw (.lsm) images after 
unmixing are saved as .npy files.

CARE denoising training
The CARE network has been trained on a total of 128 noisy and 128 
high signal-to-noise ratio 512 × 512 pixels images of MDA-MB-231 and 
MCF10A cells. Images were acquired sequentially, with the noisy image 
acquired first and the second acquired with the same parameters 
but with 16x line averaging (during scanning, each line of the image 
is scanned 16 times and the average intensity is then displayed) for 
higher signal-to-noise ratio. For each image, the mean intensity of the 
high signal-to-noise ratio image was scaled to the mean intensity of 
the corresponding low signal-to-noise ratio image, and Poisson noise 
is artificially added to degrade it. The degraded high signal-to-noise 
ratio image is used for training because the organelles are in the same 
position as in the non-degraded high signal-to-noise ratio image that is 
used as the ground truth. Each image is spectrally unmixed by phasor, 
and each unmixed channel (lysosomes, mitochondria, lipid droplets 
and DNA) is trained separately. Training is performed on 64 × 64 pixels 
patches, of which only the 50% brightest were considered. The data 
are then split 80/20 into training/validation, and the CARE network 

is trained with a kernel size of 3 and a batch size of 8 for 250 epochs 
for each channel. The CARE network and the training parameters are 
saved in a dictionary that is used as an input in the ESPRESSO pipeline.

Image processing parameters
Single-cell segmentation is performed with CellPose (v2.2.2) using the 
pre-trained network cyto2. Input images are 2-channel images con-
sisting of the SiR-Hoechst channel (nucleus) and the sum of the other 
organelle channels (cytoplasm) binned 2 × 2 (every 2 × 2 group of pixels 
is averaged to obtaine one single pixel value), normalized to the 99th 
percentile and converted in uint8. Different diameters (in pixels) are 
entered for the different cell types (MDA-MB-231 (2D), N/TERT-2G and 
MCF10A, 175; RAW246.7-NOS2, 125; MDA-MB-231 (3D), 30).

Feature extraction
Once segmented, the organelle images for each cell are analyzed as 
follows. For each individual channel, the intensity distribution is cal-
culated over 512 logarithmic bins ranging from 10−2 to 103 and normal-
ized so that its sum equals 1, and the ICS auto-correlation function is 
calculated. For each ICS auto-correlation function, the rotational aver-
age is obtained and padded with zeros to 128 pixels. For each channel 
combination, the ICCS image cross-correlation function is computed 
and analyzed in the same way as ICS. Each bin of these functions (inten-
sity histograms, ICS and ICCS functions) are passed as features for 
the next analysis step, yielding a total of 3,328 features (512 each for 
the four intensity histograms, 128 each for the four auto-correlation 
functions and another 128 each for the six cross-correlation functions). 
A Pandas DataFrame of the same length of the number of segmented 
cells is compiled and the organelle features are stored along with the 
position of the cells in the image (calculated as the center of mass of 
the CellPose mask), the name of the file and the ID of the cell.

Feature selection
For data analysis, multiple files are entered into the same pipeline (for 
example, experimental replicates, control and treatment conditions, 
multiple timepoints…), are identified based on their file name and a 
name is assigned to each file depending on the condition to which it 
refers. Additionally, the conditions for which to perform the feature 
comparison are chosen. For static experiments, all conditions are 
considered, while for dynamics experiments only the final time point is 
used for feature selection. For every feature for each pair of conditions 
considered for feature comparison, a Kolmogorov–Smirnov test with 
Bonferroni correction for multiple comparisons is performed and the 
P value is stored along with the difference between the median value 
across all cells for each feature. A scatterplot (analog to the volcano 
plot for scRNA-seq) of −log10(P value) as a function of the difference of 
the medians is drawn for functional (intensity histograms) and mor-
phological (ICS and ICCS functions) features, and the user then defines 
a range of P values and median differences to use for dimensionality 
reduction. A subset of the organelle profile including only the selected 
features is used for dimensionality reduction.

PaCMAP and clustering
PaCMAP dimensionality reduction is performed using the Python 
library pacmap (v0.7.0), outputting three dimensions and selecting 
random_state = 1. Only the conditions used for the feature selection 
are used to define the space, and the cells associated with the remain-
ing conditions are projected into that space. At this stage, a Gaussian 
mixture model clustering step is performed with a varying number of 
clusters (from 2 to 16) and of initial states (from 0 to 100 in steps of 10) 
to calculate the Davies–Bouldin index for each condition. After test-
ing all conditions, the Davies–Bouldin index is plotted as a function 
of the number of clusters; the number of clusters and of initial states 
are user-defined based on the minima of the curves and the degree of 
detail required by the clustering.
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Data visualization
ESPRESSO PaCMAPs are saved for all three dimensions as scatter plots, 
in which each point is color-coded according to either their experimen-
tal conditions or their associated cluster, together with bar plots of 
the absolute or normalized contribution of each condition or cluster. 
The center of mass for the organelle functions (intensity histograms, 
ICS and ICCS functions) is also calculated and used to color-code the 
ESPRESSO PaCMAPs for a visual representation of the organelle prop-
erties. Finally, the segmentation masks are loaded and the mask cor-
responding to each cell is color-coded based on its associated cluster. 
For time-resolved experiments, the output is a GIF of the color-coded 
masks and the corresponding PaCMAP, evolving as a function of time.

Spatial analysis
Spatial analysis was performed using SquidPy72. ESPRESSO localiza-
tions and cluster numbers were converted into annotated data. Spatial 
statistics were calculated and analyzed using the spatial_neighbors and 
nhood_enrichment functions to ultimately obtain the neighborhood 
enrichment z-scores.

Temporal analysis
Cell tracking was performed using TrackPy (https://soft-matter.github.
io/trackpy/v0.6.4/, v0.6.1). For each cell, a Pandas DataFrame contain-
ing the organelle features is computed, including the spatial position 
of the cell (calculated as the centroid of the CellPose masks output-
ted from the segmentation step), and the frame at which the cell was 
detected. The DataFrame is passed to TrackPy, using a search range 
of 50 pixels, memory of 1, adaptive stop of 1 and adaptive step of 0.95. 
TrackPy analysis outputs a DataFrame in which the (x,y,t) positions of 
each cell are linked via a particle identifier. To construct the cell state 
transition maps, a 2D N x N matrix is constructed, with N being the total 
number of clusters, and the number of tracks starting from cluster i and 
ending in cluster j is shown in position (i,j), with i,j = 1, …, N.

Single-cell library preparation and sequencing for scRNA-seq
Single-cell 3′ RNA-seq experiments were conducted using the Chro-
mium single cell system (10x Genomics) and the NovaSeq 6000 
sequencer (Illumina). The concentration of the single-cell suspension 
was counted using Countess 3 (Thermo) and adjusted to 1,200 cells μl−1. 
The cell libraries were generated using the standard manufacturer’s 
protocol (Chromium Single Cell 3’ Reagent Kits v3). The resulting 
libraries were pooled and sequenced using 28 bp plus 90 bp paired-end 
reads on the Illumina NovaSeq 6000 system, targeting a read depth of 
50,000 reads per cell.

Single-cell data processing and analysis for scRNA-seq
The CellRanger Pipeline (v7.1.0) was used to align reads and gener-
ate count matrices against the human genome (GRCh38-2020-A, 
obtained from 10x Genomics). For downstream analysis of the data 
we used the Seurat (v4.3.0) R package to combine all cell libraries, 
and a merged Seurat object was generated. Genes detected in <3 
cells were removed. Low-quality cells were further filtered based on 
sample-specific quality control metrics, with different thresholds 
applied to individual samples: in the control sample, cells with >2,000 
and <15,000 detected genes per cell, >5,000 and <125,000 UMIs 
(unique molecular identifiers) per cell and <2% mitochondrial gene 
expression were retained; and in the calcium-induced sample, 
cells with >2,500 and <10,000 detected genes per cell, >5,000 and 
<125,000 UMIs per cell and <2% mitochondrial gene expression were 
included in the analysis.

In addition, the EmptyDrops algorithm73 was applied to each sam-
ple to identify and annotate empty droplets. The predicted empty cells 
were further validated using the FeaturePlot() function, assessing 
metrics such as nFeature_RNA, nCount_RNA, percent.mt and Empty_
Droplet. Clusters enriched with empty droplets were subsequently 

excluded from the dataset. To identify potential doublets, we used 
DoubletFinder(v2.0)74 and scDblFinder(v1.18.0)75. Doublets predicted 
by both algorithms and annotated as ‘doublet:Doublet’ were selectively 
removed to ensure accurate results while preserving as many cells as 
possible. Only a small number of doublets were detected in the dataset, 
and no doublet-specific clusters were predicted by either algorithm. 
The combination of these filtering steps yielded a final dataset compris-
ing 11,907 high-quality single-cell transcriptomes.

To address inter-individual differences and potential batch 
effects, the merged Seurat object was normalized using the Nor-
malizeData() function with a scale factor of 10,000, and variable 
features were identified using FindVariableFeatures() with 2,000 
genes. Principal component analysis (PCA) was then performed, 
and the first 30 principal components (PCs) were used for uniform 
manifold approximation and projection (UMAP) dimensionality 
reduction. Clustering was conducted using the FindNeighbors() 
and FindClusters() functions with 30 PCA components and a resolu-
tion parameter set to 0.5. To evaluate inter-individual differences, a 
library-split UMAP plot was generated using the DimPlot() function. 
Batch effects across different libraries were assessed using the dis-
tribution of PC_1 and PC_2 from the PCAs (Supplementary Fig. 10f). 
Calcium-specific cells were identified in the merged Seurat object. To 
determine whether this batch-to-batch variation required correction, 
CytoTRACE (v.0.3.3)76 was used with default parameters to compare 
cellular differentiation states between N/TERT-2G keratinocytes in 
the dataset. The observed overlap between calcium-specific cells and 
higher differentiation scores suggests that biological differences, 
rather than technical variation, are the primary drivers of heteroge-
neity in the data (Supplementary Fig. 10f,g).

Cluster markers were interpreted and cluster identities were 
assigned based on known cell type annotations from Enzo et al.77. 
These markers were further used to classify cells into holoclone (H), 
meroclone (M) or paraclone (P) states. To evaluate the stress response 
in our dataset, we analyzed stress response-related genes previously 
reported77, including CREBRF, DDIT3, XBP1, MAFF, PPP1R15A and HSPB8. 
To further assess the overall stress levels in the samples, KRT14 and 
three housekeeping genes (ACTB, GAPDH and RPS18) were used as 
positive controls (Supplementary Fig. 2d,e).

Functional gene set enrichment analysis for scRNA-seq
To integrate organelle dye-based features with gene-based scRNA-seq 
data, we transformed the gene expression data into function-based 
gene set enrichment scores using single-sample gene set enrich-
ment analysis, as implemented in the escape R package78. This 
transformation replaced the gene count matrix with a single-cell 
function enrichment matrix, incorporating four assay categories: 
GO_CC, GO_BP, GO_MF and Hallmarks. The gene sets related to 
lysosomal acidity, chromatin organization and mitochondrial 
function were sourced from the Molecular Signature Database 
(MsigDB, http://software.broadinstitute.org/gsea/msigdb/).

Statistics and Reproducibility
No statistical method was used to predetermine the sample size. 
No data were excluded from the analyses, with the exception 
of the ESPRESSO-specific cluster in Figure 6, as described and 
discussed above.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Demonstration data are available from Zenodo: https://zenodo.org/
records/12737891 (ref. 79). Due to data size constraints, imaging data 
can be requested from Lorenzo Scipioni (lorenzo.scipioni@inserm.fr).

http://www.nature.com/naturemethods
https://soft-matter.github.io/trackpy/v0.6.4/
https://soft-matter.github.io/trackpy/v0.6.4/
http://software.broadinstitute.org/gsea/msigdb/
https://zenodo.org/records/12737891
https://zenodo.org/records/12737891


Nature Methods

Article https://doi.org/10.1038/s41592-025-02863-4

Code availability
Demonstration code is available from Zenodo: https://zenodo.
org /records/12737891, scRNA-seq analysis can be found at 
 https://github.com/yl-jia/ESPRESSO.
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