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Abstract

Cancer metabolism is a dynamic and context-dependent process shaped by both tumor-
intrinsic programs and microenvironmental cues. Capturing this complexity remains a
major challenge, which limits the translation of metabolic insights into clinically actionable
strategies. Patient-derived tumor organoids, together with emerging engineered platforms
such as organ-on-chip systems, vascularized assembloids, and bioprinted tumor models,
have opened new avenues for investigating tumor metabolism in physiologically relevant
settings. These models enable the study of metabolic heterogeneity across tumor types,
disease stages, and treatment conditions while preserving clinically relevant tumor features.
Importantly, they provide functional platforms for ex vivo metabolic profiling, identifica-
tion of metabolic vulnerabilities, and prediction of therapeutic responses. In this review,
we discuss recent advances in the use of patient-derived and engineered 3D tumor mod-
els to characterize context-dependent metabolic states and treatment-induced metabolic
rewiring. We first review technologies currently available to interrogate metabolism in
these systems, including optical metabolic imaging, spatial metabolomics, isotope tracing,
and bioenergetic profiling. We then discuss how 3D tumor models are used to investigate
metabolic interactions within the tumor microenvironment (TME), including stromal and
immune crosstalk, acidosis, nutrient availability, and circadian regulation. Finally, we
critically examine current limitations, particularly the insufficient physiological relevance
of standard organoid culture conditions for metabolic studies, and discuss how advanced
engineering approaches and computational modeling may contribute to metabolism-driven
functional precision oncology.

Keywords: patient-derived tumor organoids; cancer metabolism; tumor microenvironment;
metabolomics; functional precision oncology; optical metabolic imaging; organ-on-chip;
circadian rhythms; metabolic plasticity

1. Introduction

Metabolic reprogramming is a hallmark of cancer, enabling tumor cells to sustain
proliferation, survive under stress, and adapt to fluctuating environmental conditions [1].
However, tumor metabolism is not a fixed or cell-autonomous property. Rather, it is a
highly dynamic and context-dependent process shaped by the interplay between tumor-
intrinsic programs and extrinsic influences, including gradients of oxygen, pH, nutrients,
and extracellular metabolites [2]. Cancer cells continuously adapt to these constraints
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by modulating their reliance on glycolysis, oxidative phosphorylation (OXPHOS), lipid
metabolism, and alternative biosynthetic pathways [3]. In addition to spatial heterogeneity,
tumor metabolism is influenced by temporal dynamics, including circadian regulation, and
by therapeutic pressure, which can induce profound metabolic rewiring associated with
resistance [4]. Furthermore, interactions with stromal, immune, neuronal, and vascular
components of the TME critically shape metabolic states through nutrient competition,
metabolite exchange, and signaling crosstalk [5].

Despite significant advances in cancer metabolism research, the integration of
metabolic information into precision oncology remains limited. One important reason
is that metabolic phenotypes are poorly predicted by genomic alterations alone and are
highly sensitive to environmental context. While genomic alterations define the metabolic
potential of tumor cells, the pathways that are ultimately engaged depend on local nu-
trient availability, oxygen tension, cell-cell interactions, and other microenvironmental
cues. Consequently, there is growing interest in experimental systems that enable func-
tional and context-aware interrogation of tumor metabolism in patient-specific settings.
Patient-derived tumor organoids (PDOs) are self-organizing three-dimensional (3D) ex
vivo cultures established directly from patient tumor specimens and propagated in extracel-
lular matrix-supported conditions that preserve key histological, genomic, and functional
characteristics of the original tumors [6,7]. Beyond conventional PDOs, increasingly sophis-
ticated 3D systems have emerged, including co-culture assembloids, air-liquid interface
(ALI) cultures, organ-on-chip platforms, and bioprinted tumor models. While many of
these systems initially relied on established cell lines, recent developments increasingly
incorporate patient-derived material and microenvironmental components, enabling more
physiologically relevant interrogation of tumor metabolism and therapeutic response.

3D tumor models comprise a heterogeneous group of experimental systems that
should not be considered interchangeable. Spheroids are generally self-assembled mul-
ticellular aggregates generated from established cell lines or dissociated primary cells
that recapitulate diffusion gradients but exhibit relatively limited tissue organization and
cellular complexity compared with organoids [8]. In contrast, PDOs are self-organizing
epithelial cultures established directly from patient tumors that preserve key histological,
genomic, morphological, and pharmacological features of the parental lesion, making
them particularly attractive for disease modeling and functional precision oncology [9-11].
Organoids can also be derived from mouse tissues. More recently, engineering approaches
have extended conventional PDO cultures through assembloid systems that incorporate
stromal, immune, endothelial, or neuronal components, as well as organ-on-chip and 3D
bioprinted models, which enable precise control of perfusion, extracellular matrix compo-
sition, spatial organization, and multicellular interactions [10,12,13]. Because each model
captures different aspects of tumor biology and metabolism, the choice of model should be
dictated by the biological question being addressed.

This review examines how patient-derived and engineered 3D tumor models are used
to study tumor metabolism across different contexts and the implications for therapy. It
synthesizes the literature published up to June 2026, identified through PubMed searches
and manual reference screening using keywords related to 3D tumor models, metabolic
profiling, microenvironmental factors, and functional precision oncology. We prioritize
original research conducting functional metabolic characterization within 3D architectures,
complemented by key reviews that provide foundational conceptual or methodological
insights into context-dependent tumor metabolism and its therapeutic implications. The re-
view first outlines current technologies, including metabolic imaging, spatial metabolomics,
isotope tracing, and bioenergetic analyses, used to examine metabolism in these systems. It
then discusses how 3D tumor models are used to investigate metabolic interactions within
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the tumor microenvironment, circadian influences, and metabolic plasticity. Lastly, the
review considers how these methods might advance metabolism-based precision oncology,
while addressing current limitations and future directions.

2. Technologies to Investigate Tumor Metabolism in Patient-Derived
3D Models

Cancer cells exhibit remarkable metabolic flexibility, enabling them to use diverse
substrates depending on microenvironmental constraints. This adaptability, combined with
interpatient and intratumoral heterogeneity, results in substantial variability in metabolic
phenotypes and treatment responses. Understanding these metabolic adaptations is there-
fore critical for identifying actionable vulnerabilities and moving toward metabolism-
informed precision oncology.

PDOs and related patient-derived 3D systems provide physiologically relevant plat-
forms to investigate tumor metabolism while preserving key features of the original tumor.
A wide range of complementary approaches has been developed to interrogate metabolic
activity in these models (Figure 1). Beyond descriptive analyses, these technologies collec-
tively support functional applications, including predicting therapeutic response, identi-
fying metabolic biomarkers, and stratifying patients based on basal or treatment-induced
metabolic states (Table 1).
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Figure 1. Technological toolbox for interrogating tumor metabolism in 3D tumor models. This multi-
scale framework highlights available technologies categorized by spatial and analytical resolution.
(Top left) Single-cell and subpopulation-scale assessments using two-photon microscopy and wide-
field optical redox imaging (WF-ORI) to evaluate the autofluorescence of NAD(P)H/FAD cofactors,
discriminating resistant from sensitive clones. Organoid Positron-Emission Microscopy (0PEM) tracks
radiotracer uptake (e.g., '®F-FDG) across a multi-cell gradient. (Top right) Spatial and ecological scale
mapping via Matrix-Assisted Laser Desorption/Ionization Mass Spectrometry Imaging (MALDI-
MSI), showing a pipeline from cryosectioning and matrix application to data acquisition and localized
m/z range visualization. (Bottom) Bulk pathway and bioenergetic characterization using Seahorse
Flux Analyzers (Mitochondrial and glycolytic stress tests) alongside mass spectrometry-based bulk
isotope tracing (13C) to track active metabolic flux down specific cascades. Created in BioRender.
Corbet, C. (2026) https:/ /BioRender.com/pttgpol (accessed on 29 June 2026).
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Table 1. State-of-the-art technologies for 3D metabolic profiling.

Technology

Primary Metabolic
Parameters Measured

Inferred Biological
Conclusions

Spatial Resolution

Applicable 3D
Models

Approximate
Throughput

Key Advantages

Key
Limitations/Bottlenecks

Refs

Optical Metabolic
Imaging (OMI)

Fluorescence lifetimes
and intensities of
autofluorescent
coenzymes (NAD(P)H
and FAD); fluorescence
intensity of exogenous
dyes (e.g., TMRM)

Optical redox ratio
(NAD(P)H/FAD),
free vs. bound
coenzyme fractions,
mitochondrial
membrane potential,
metabolic
heterogeneity, live
treatment response
kinetics

Single-cell to
subcellular

Spheroids, PDOs,
organ-on-chip
platforms

Low-medium

Non-invasive, tracks
live treatment
kinetics, reveals
resistant subclones.
Compatible with
multiplexed imaging
(e.g., PLIM)

Spectral overlap of NADH
and NADPH, global redox
proxy requiring targeted
perturbations for pathway
specificity, depth
attenuation. Potential
phototoxicity, complex
multi-exponential lifetime
decay analysis, and shorter
lifetimes than PLIM

[14-22]

Phosphorescence
lifetime imaging
microscopy (PLIM)

Phosphorescence
decay lifetime of
cell-penetrating
0O,-sensitive molecular
probes

Local intracellular or
microenvironmental
pericellular
oxygenation (pO,),
pO; gradients, local
respiratory demand

Single-cell to
micro-region

Spheroids, PDOs,
assembloids,
microfluidic chips

Low-medium

Direct, reversible
and non-chemical O,
sensing. Compatible

with multiplexed
imaging (e.g., FLIM).

Highly stable and

sensitive signal

Emission intensity
dependent on probe
distribution/uptake.

Limited probe selection,
complex calibration

[23,24]

Wide-Field Optical
Redox Imaging
(WF-ORI)

Bulk intrinsic
tissue/organoid
autofluorescence
intensity (NADH and
FAD)

Organoid-level
metabolic redox
state, overall
metabolic shift under
therapeutic exposure

Single-organoid
resolution

High-density PDOs,
organoid
microdroplets

High
(screen-compatible)

Rapid acquisition,
highly scalable for
drug screening

Lower subcellular detail
than multi-photon OMI

[25,26]

Spatial
metabolomics
(MALDI-MSI)

In situ mass-to-charge
ratios (m/z) and spatial
coordinates of
metabolites, lipids, and
small molecules

Spatial distribution
of metabolic niches,
intratumoral
metabolite gradients,
localized drug pene-
tration/metabolism

High resolution
(520 pum)

Cryosectioned PDOs,
bioprinted
constructs, explants

Low-medium

Preserves spatial
architecture and
tissue
microenvironment
without label bias

Complex ion annotation,
destructive sample
preparation

[27-32]

Organoid
Positron-Emission
Microscopy (0PEM)

Emitted positron
radiotracer activity
(e.g., '8F-FDG uptake)

Glucose uptake rates,
metabolic viability,
translational
imaging surrogate
for PET

Multi-cell/ organoid
scale

Large PDOs,
organoid clusters,
micro-organoids

Low-medium

Direct translation to
clinical imaging,
ideal for co-clinical
studies

Requires specialized
radiomedical equipment,
and short isotope half-life

logistics

Steady-state
metabolomics
(LC/GC-MS, NMR)

Total abundance and
relative concentrations
of small molecule
metabolites at a single
timepoint

Metabolic pool sizes,
steady-state
metabolic snapshots,
pathway biomarker
identification

Bulk/homogenized
sample

Dissociated PDOs,

pooled organoids,

large-scale tissue
models

Medium-high

Broad metabolite
coverage; high
chemical specificity
and robust structural
annotation

Static measurement only;
cannot infer metabolic
rates, turnover, or pathway
directionality; loss of
spatial context

[34-42]

https:/ /doi.org/10.3390/ organoids5030022


https://doi.org/10.3390/organoids5030022

Organoids 2026, 5,22

5 of 25

Table 1. Cont.

Technology

Primary Metabolic
Parameters Measured

Inferred Biological
Conclusions

Spatial Resolution

Applicable 3D
Models

Approximate
Throughput

Key Advantages

Key
Limitations/Bottlenecks

Refs

Isotope-based
metabolic flux
(LC-MS, NMR)

Isotopic incorporation
kinetics, enrichment
patterns, and mass
isotopomer

distributions (13C, 15N,

2H) over time

Active metabolic
fluxes, pathway
utilization rates,
nutrient
contribution,
targeted metabolic
dependencies

Bulk/homogenized
sample

Dissociated PDOs,
pooled organoids,
dynamic
microfluidic cultures

Medium

Quantifies real-time
metabolic activity
and dynamic
pathway rewiring
rather than static
abundance

Requires isotope-labeled
precursors and complex
mathematical flux
modeling; destructive
sample prep; loss of spatial
heterogeneity

[40,43]

Bioenergetic
profiling (Seahorse
XF analyzer,
Oroboros)

OCR (oxygen
consumption rate) and
ECAR (extracellular
acidification rate),
proton efflux rate

Basal /maximal
mitochondrial
respiration, ATP
production rates,
glycolytic activity,
bioenergetic capacity

Individual or pooled
organoids

Intact PDOs,
spheroids,
suspended or
ECM-embedded
organoids

Medium-high

(Seahorse 96-well)

Real-time and
simultaneous
functional kinetics of
oxygen-consuming
and H*-producing
reactions (e.g.,
mitochondrial &
glycolytic activity

Demanding protocol
optimization for complex
matrix-embedded
structures. No spatial
resolution. Use of
saturating concentrations
of substrates and drugs

[44-46]
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2.1. Optical Metabolic Imaging: Resolving Heterogeneity and Predicting Therapy Response

PDOs retain key physicochemical features of the TME, including oxygen and nutrient
gradients [47-49], making them particularly suitable for studying metabolic heterogeneity.
Among the available technologies, optical metabolic imaging (OMI) has emerged as a
powerful approach for assessing metabolic states at single-cell resolution.

OMI is based on two-photon fluorescence lifetime imaging microscopy (FLIM) and
exploits the intrinsic autofluorescence of metabolic cofactors such as NAD(P)H and flavins
(FAD and FMN) [16]. By quantifying fluorescence intensity and lifetime, OMI enables
measurement of the optical redox ratio and the relative abundance of free versus protein-
bound cofactors, providing insights into cellular metabolic states across pathways including
glycolysis, OXPHOS, and lipid metabolism.

This non-invasive, high-resolution approach has been widely applied to tumor
organoids, revealing metabolic heterogeneity and enabling early prediction of treatment
response across multiple cancer types, including breast [15,18,19], colorectal [21], gas-
troenteropancreatic neuroendocrine [26], head and neck [20], and pancreatic cancers [17].
Notably, OMI can detect rapid metabolic changes following drug exposure. For example,
early decreases in glycolytic activity and shifts in NADH/FAD binding states have been
shown to predict subsequent tumor growth inhibition [15]. Importantly, single-cell OMI
analyses can identify metabolically distinct subpopulations associated with drug resistance
that may not be detectable by bulk measurements [14,15,19]. Beyond cancer cells, OMI has
also been applied to characterize metabolic heterogeneity in tumor-associated macrophages
within 3D co-culture systems, providing insights into immune—tumor metabolic interac-
tions [22].

More recently, wide-field optical redox imaging (WF-ORI) has emerged as a scal-
able alternative to two-photon OMI for high-throughput metabolic screening in PDOs.
Using autofluorescence measurements of NAD(P)H and FAD, WF-ORI enables rapid
quantification of organoid redox states without exogenous labels. Gillette et al. demon-
strated that WF-ORI could discriminate treatment responses and mutation-dependent
metabolic states in colorectal cancer (CRC) PDOs with higher sensitivity than conven-
tional two-photon imaging approaches, including the identification of resistant subclones
in mixed cultures [50]. In parallel, Hsu et al. developed an automated image analysis
pipeline integrating Cellpose-based segmentation, single-organoid tracking, and automated
background correction for WF-ORI datasets [25]. This workflow substantially improved
throughput and reproducibility, addressing a major bottleneck for large-scale PDO drug
screening applications.

Optical metabolic imaging has also been integrated into engineered microfluidic
tumor-on-chip systems. Ayuso et al. combined OMI with a breast cancer microfluidic
platform generating nutrient gradients across a 3D collagen matrix and demonstrated
that sensitivity to metabolic inhibitors strongly depended on local nutrient availability
and cell density [51]. These findings illustrate how spatial metabolic heterogeneity can
determine therapeutic response and highlight the value of integrating metabolic imaging
with microengineered control of the microenvironment.

Beyond optical imaging, clinically relevant metabolic imaging modalities are increas-
ingly being adapted to PDO systems. Khan et al. developed organoid positron-emission
microscopy (0PEM), enabling high-resolution imaging of radiotracer uptake in PDOs using
clinically employed tracers such as '8F-fluorodeoxyglucose [33]. Using head-and-neck
cancer organoids, the authors demonstrated that PDOs recapitulate tumor-specific gly-
colytic activity and treatment responses observed in patients. This approach bridges clinical
metabolic imaging and ex vivo functional testing, opening new opportunities for co-clinical
studies and radiometabolic precision oncology.

https:/ /doi.org/10.3390/ organoids5030022
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Despite these advantages, OMI approaches face notable constraints, including limited
imaging depth in dense organoids, potential phototoxicity during prolonged acquisition,
and the need for advanced computational pipelines to handle large imaging datasets.

2.2. Spatial Metabolomics: Mapping Metabolic Heterogeneity In Situ

Beyond global metabolic profiling, spatial metabolomic approaches are particularly
relevant for capturing the ecological organization of tumor metabolism, including nutrient
gradients, hypoxic niches, and metabolically distinct cellular subpopulations that may
contribute to therapy resistance. Matrix-assisted laser desorption/ionization mass spec-
trometry imaging (MALDI-MSI) provides complementary information by enabling spatial
mapping of metabolites within intact samples. Unlike conventional mass spectrometry,
MALDI-MSI preserves spatial context by acquiring spectra across defined coordinates,
thereby reconstructing the metabolic landscape in situ. This approach has been used to
characterize tumor metabolic heterogeneity, identify subtype-specific metabolic signatures,
and map drug distribution and metabolism within PDOs [27,29,30,32]. MALDI-MSI studies
have revealed lipid metabolic alterations associated with glutaminase inhibition [31] and
spatial accumulation of metabolites linked to hypoxia and oxidative stress in spheroid
models [28].

While still emerging in organoid research, spatial metabolomics holds strong potential
to identify spatial biomarkers and link metabolic organization to therapeutic response.
Future applications in assembloid and organ-on-chip systems may further enhance their
utility by enabling spatially resolved analyses of multicellular metabolic interactions and
nutrient gradients. However, technical challenges, including sensitivity, metabolite an-
notation, and data complexity, currently limit its widespread implementation. Together,
OMI, WF-ORI, oPEM, and spatial metabolomics approaches illustrate how patient-derived
3D systems can provide functional and spatially resolved metabolic information beyond
genomic profiling alone, thereby supporting metabolism-informed precision oncology
strategies [52].

2.3. Bulk and Flux-Based Metabolomics: Defining Metabolic Pathways and Vulnerabilities

High-throughput analytical techniques, including nuclear magnetic resonance (NMR)
and liquid or gas chromatography coupled to mass spectrometry (LC/GC-MS), are widely
used to profile metabolites in tumor organoids [35,36,40—42]. These approaches can be
combined with isotope tracing (e.g., 1*C-labeled substrates) to quantify metabolic fluxes
and pathway activity.

Recent methodological advances have enabled metabolomics and lipidomics profiling
from small organoid samples. For instance, LC-qTOF-MS-based approaches have revealed
drug-induced metabolic alterations in CRC organoids treated with 5-fluorouracil [39], while
similar strategies have been applied across multiple tumor types [34,38].

High-resolution magic angle spinning magnetic resonance spectroscopy (HR MAS
MRS) is a widely used analytical approach for metabolic profiling of intact tissue, but its
use has remained limited in organoid studies. Van der Kemp et al. compared HR MAS MRS
and extraction-based NMR for metabolic profiling of wild-type and tumor progression
organoids derived from human colon cancer. Both approaches reliably identified and
quantified sixteen metabolites and captured metabolic alterations associated with sequential
oncogenic mutations, including increased lactate levels and reduced myo-inositol and
phosphocholine concentrations. Importantly, the nondestructive nature of HR MAS MRS
enabled subsequent molecular analyses of the same organoids [37].

Integration of metabolomics with transcriptomics and isotope tracing has provided
important insights into tumor-specific metabolic dependencies. In pediatric kidney tumor
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organoids, multi-omics analyses identified nucleotide biosynthesis as a key vulnerability in
malignant rhabdoid tumors that could be therapeutically targeted [43]. Principal compo-
nent analyses focusing on metabolic genes further showed that tumoroids and correspond-
ing tumor tissues clustered by histopathological subtype, indicating that tumor-specific
metabolic programs are largely retained in organoid cultures. Similarly, CRISPR-based
functional screens in gastric cancer organoids uncovered lipid metabolic dependencies and
context-specific drug sensitivities influenced by enteric neurons [53], further emphasizing
the critical role of the microenvironment in shaping metabolic vulnerabilities.

Metabolic profiling has also been used to define tumor subtypes. In triple-negative
breast cancer, PDO-based multi-omics analyses revealed distinct metabolic subgroups asso-
ciated with differential pathway usage and clinical outcomes [54,55]. At the cellular level,
combining lineage tracing with metabolic analysis in intestinal tumor organoids uncovered
metabolic differences between cancer stem cells and differentiated cells, including the role
of lactate in promoting tumor plasticity and therapy resistance [56].

Emerging multicellular 3D systems further extend these approaches by enabling the
study of metabolite exchange between tumor cells and stromal or immune compartments,
an area that remains difficult to model using conventional monoculture PDOs. These
systems may become particularly relevant for investigating metabolic cooperation, nutrient
competition, and therapy-induced metabolic rewiring within the TME.

2.4. Bioenergetics, Oxygen Profiling, and Microphysiological Systems

Quantifying cellular bioenergetics provides additional functional insights into tumor
metabolism. Technologies such as Seahorse analyzers enable real-time measurement of
oxygen consumption rate (OCR) and extracellular acidification rate (ECAR). However,
precise interpretation of these readouts requires caution: ECAR reflects total extracellular
proton efflux, which includes hydration of respiratory CO, alongside non-glycolytic proton
sources, and thus requires glycolytic stress testing for accurate glycolytic rate attribution.
Similarly, baseline OCR reflects total oxygen consumption; establishing ATP-linked respira-
tion, proton leak, and maximal respiratory capacity necessitates sequential mitochondrial
perturbations (e.g., using oligomycin, FCCP, and rotenone/antimycin A). These protocols
have been optimized for organoid and spheroid systems, allowing assessment of metabolic
responses to genetic and pharmacological perturbations [45,46]. Additional approaches
have been developed to assess oxygen dynamics in 3D cultures, including microcavity
arrays and scanning electrochemical microscopy, which enable measurement of local
oxygen consumption and identification of metabolically distinct subpopulations [57-59].
These methods are particularly relevant for studying hypoxia-driven metabolic adapta-
tions. Protocols optimized for single-organoid bioenergetic analyses continue to expand
the applicability of these approaches. For example, Miguel et al. developed a Seahorse
XF96 workflow for individual induced pluripotent stem cell-derived kidney organoids
cultured under ALI conditions, demonstrating the feasibility of measuring mitochondrial
and glycolytic fluxes in complex 3D structures [44]. Although not developed using tu-
mor organoids, these approaches provide a valuable framework for future application to
metabolic studies in PDO models. In a recent study, human neuromuscular organoids were
shown to mimic cancer-induced muscle cachexia, and analysis of oxygen flux using an
Oroboros O2k revealed that mitochondrial respiration was reduced under basal conditions
and upon administration of complex I/1I substrates in cachectic human neuromuscular
organoids [60]. These findings further illustrate how 3D systems can be used to investigate
systemic metabolic alterations associated with cancer.
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Organ-on-chip technologies further extend metabolic analyses by enabling dynamic
perfusion, multicellular organization, and controlled microenvironmental perturbations.
Lacombe et al. recently developed the ASTEROIDS platform, a microphysiological lung
tumor model integrating cancer spheroids with stromal and endothelial compartments
under perfused conditions [61]. Following irradiation, the system recapitulated complex
TME responses, including endothelial disruption, immune recruitment, transcriptomic
alterations, and metabolomic rewiring, illustrating the potential of microphysiological
systems to study treatment-induced metabolic adaptations under dynamic conditions.

Together, these approaches demonstrate that patient-derived and engineered 3D
systems increasingly enable functional assessment of tumor metabolism across multiple
scales, ranging from intracellular bioenergetics to tissue-level metabolic organization and
therapy-induced remodeling.

3. Modeling Context-Dependent Tumor Metabolism in 3D Systems

The TME is a complex and highly dynamic ecosystem that continuously forces cancer
cells to adapt their metabolic machinery to survive and proliferate. Rather than relying
solely on cell-autonomous genetic programs, tumors dynamically rewire their metabolism
in response to localized physical gradients, nutrient shortages, extracellular acidosis, matrix
stiffness, and cellular crosstalk. Crucially, these individual microenvironmental parameters
do not act in isolation; rather, they operate synergistically to dictate metabolic plasticity
across diverse anatomical niches. A fundamental challenge in functional precision oncology
is distinguishing between transient, adaptive metabolic responses and true, therapeutically
targetable metabolic vulnerabilities. Application of context-conditioned 3D models enables
the unmasking of these context-dependent vulnerabilities, laying the groundwork for
targeted metabolic interventions. Table 2 summarizes key microenvironmental stimuli
modeled within state-of-the-art 3D platforms, detailing their biological impacts and the
distinct, targetable metabolic vulnerabilities they create.

Table 2. Microenvironmental elements and induced metabolic dependencies in 3D models.

3D System/Cancer

Key Biological

Actionable Target or

TME Stimulus/Context Type Model Impact/Rewiring Observed Vulnerability Identified Refs
Mouse and Enhanced viability, altered
- . . acid-base transport profiles, Combined ATM and PARP
Extracellular acidosis patient-derived . . T .
. induction of inhibition (interacts with [62,63]
(pHe ~6.5-6.8) pancreatic cancer . 1
. erlotinib/gemcitabine p53 loss status)
organoids .
resistance
Shifts metabolism toward Perox1soma.1 [5_.0).(1.(1 ation
S . (ACOX1 inhibition);
Colorectal cancer PDOs  oxidative phosphorylation, [64,65]
PHGDH pathway
forces extreme FA uptake o
inhibition
. Epigenetic rewiring via MYC, Reversal of tumor
. Intestinal / colorectal . .. .
Lactate enrichment . promotion of cancer plasticity-driven drug [56]
tumor organoids . L .
stemness, dedifferentiation resistance pathways
. . Disruption of
Stromal interaction Esophageal /colorectal Alternative nutrient supply stroma-to-tumor
. (e.g., acetate transfer), . [66—69]
(CAF co-culture) assembloids . .. metabolite exchange
metabolic symbiosis
networks
Circadian Dampened/flattened Chronotherapeutic
Breast & pancreatic BMAL1/PER2 oscillations; targeting (optimizing drug
clocks/temporal . . ¢ . . [70,71]
thythms cancer PDOs rhythmic expression of efficacy by treating during

EGFR/JUN

specific circadian phases)
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3.1. Microenvironment-Integrated Models: Capturing Metabolic Crosstalk

Tumor metabolism is strongly influenced by interactions with stromal, immune,
and vascular components of the TME [72]. To address the limitations of conventional
monoculture organoids, co-culture systems incorporating cancer-associated fibroblasts
(CAFs) [68,73,74] or peripheral blood lymphocytes [66,75-77] have been developed, en-
abling the study of metabolic crosstalk and its impact on tumor behavior and drug response.
For example, stromal cells can provide alternative nutrients such as acetate, supporting
tumor growth under metabolic stress [69], or engage in metabolic symbiosis that enhances
tumor proliferation [78].

PDO-immune co-culture systems further allow investigation of how metabolic
pathways influence immunotherapy responses across multiple cancer types, including
CRC [79], renal cell carcinoma [80], lung [81,82], and bladder [83], among others. Re-
cently, Raffo-Romero and colleagues developed three optimized methods for co-culturing
human macrophages with breast cancer organoids—a semi-liquid model and two matrix-
embedded models—showing that macrophages not only altered the organoid’s molecu-
lar profiles but also influenced chemotherapy responses [84]. In addition, vascularized
organoid models and engineered systems incorporating endothelial networks offer opportu-
nities to study nutrient delivery and metabolic gradients in a more physiologically relevant
context [85-87]. Recent studies have reported new modalities of PDO generation, such as
the ALI method, to preserve “en bloc” cancer cells with tumor stroma, including CAFs
and even functional native immune cells (T and B cells, myeloid cells, macrophages, and
NK cells) [88]. Nevertheless, these ALI cultures have been reported to alter the characteris-
tics and functions of monolayers generated from human iPS cell-derived enterocyte-like
cell organoids, including their metabolic phenotype [89]. Thus, there is room for further
optimization of ALI culture models to maximize their applicability to organoid-based
metabolic studies.

More recently, assembloid models have emerged as an important evolution of PDO
technology, incorporating multiple patient-derived cellular compartments into organized
3D structures. In esophageal adenocarcinoma, Sharpe et al. established tumor-fibroblast as-
sembloids preserving distinct CAF phenotypes and tumor differentiation states, providing
a framework for studying stromal contributions to tumor behavior and metabolism [67].
Similarly, tumor—adipose assembloids developed by Lei et al. revealed dynamic interac-
tions between cancer cells and adipocytes that drive collective invasion through adipocyte
dedifferentiation and extracellular matrix remodeling [90]. Although these studies did not
directly investigate metabolism, they highlight the increasing capacity of patient-derived
3D systems to model metabolic interactions between tumor and stromal compartments.
Immune-integrated assembloids further extend these capabilities. Hanna et al. devel-
oped a multicompartment 3D assembloid enabling simultaneous analysis of immune
infiltration, stromal migration, and cytotoxic activity [91]. Such systems may become
particularly valuable for studying metabolic competition between tumor and immune
cells, a major determinant of immunotherapy response. These studies collectively illustrate
that tumor metabolism emerges from multicellular interactions rather than from cancer
cell-autonomous programs alone.

3.2. Acidosis, Nutrient Availability, and Metabolic Plasticity

Tumor microenvironmental acidosis is a key driver of cancer aggressiveness [92,93].
As tumors outgrow their vascular supply, highly metabolically active cancer cells generate
extracellular acidic niches (extracellular pH (pHe) 6.5-7.0) that do not necessarily coincide
with hypoxia [94] or nutrient deprivation. Adaptation to this acidity promotes invasive
phenotypes [52,95] and chemoresistance, traditionally linked to the sequestration of weak-
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base drugs [96]. This survival relies on profound metabolic remodeling, creating a specific
dependence on fatty acid (FA) metabolism rather than a general requirement [52,62,64,97].

Despite its biological importance, the impact of acidosis on PDOs remains under-
explored. In pancreatic ductal adenocarcinoma (PDAC), exposing mouse organoids to pHe
6.8 enhanced viability and resistance to gemcitabine and erlotinib by inducing resistance-
associated genes and novel genetic variants [63]. Acid-base transport proteins are differen-
tially expressed following p53 knockout (KO) and during acid adaptation while retaining
normal apico-basal localization [98]. While acidic conditions decrease intracellular and
luminal pH, an effect reversed by p53 KO, p53-deficient organoids show increased DNA
damage and sensitivity to dual ATM/PARP inhibition. Notably, adaptation to acidosis
rescues this sensitivity, protecting p53-deficient cells by supporting pH regulation. In
CRC PDOs, acidosis forces FA uptake and metabolism independently of genotype [64,97],
rendering them highly sensitive to peroxisomal (3-oxidation inhibition via ACOX1 [64]. An
ex vivo clinical trial using serum from patients taking omega-3 FAs further enhanced this
ACOX1 sensitivity, highlighting both the utility of PDOs for systemic interventions and a
current culture limitation regarding extracellular lipid availability. Furthermore, acidosis
overrides CRC molecular heterogeneity, consistently shifting metabolism toward OXPHOS
and PHGDH dependency across 2D lines and primary/metastatic PDOs, revealing a
vulnerability to corresponding metabolic inhibitors [65].

Therapeutic interventions targeting acidosis yield complex outcomes. Breast cancer
organoids derived from NaHCO3 ™ -treated mice exhibited increased proliferation and net
acid extrusion capacity [99]. Because systemic buffering risks raising intracellular pH
and promoting progression, directly targeting the acidic microenvironment via acid-base
transport inhibitors or alternative buffering agents may be more effective. Finally, while
protons drive acidity, co-released lactate also shapes tumor biology; extracellular or intrinsic
lactate promotes stemness and plasticity in tumor organoids via MYC-mediated epigenetic
dedifferentiation, driving resistance and relapse [56].

Beyond local microenvironmental stress, phenotypic heterogeneity and epithelial—-
mesenchymal plasticity (EMP) represent major drivers of tumor progression, metasta-
sis, and therapeutic resistance. Emerging data reveal that EMP is intrinsically linked to
metabolic reprogramming, with distinct epithelial and mesenchymal states exhibiting
unique metabolic dependencies [100,101]. Patient-derived 3D models represent powerful,
high-throughput platforms for mapping these dynamic metabolic dependencies [102-104]
and screening for compounds capable of reversing or targeting transitional phenotypic
states [105]. Together, these findings underscore that organoid metabolic phenotypes
are strictly context-dependent, emphasizing the necessity of physiologically relevant cul-
ture media.

3.3. Culture Conditions as Metabolic Determinants

Although PDOs are powerful tools for studying tumor metabolism, culture conditions
actively dictate metabolic phenotypes. For instance, while CRC PDOs recapitulate the
genetic and transcriptomic features of donor tumors, they often fail to capture the complex
metabolic alterations observed in primary tumors or patient-derived xenografts [106].
Most conventional cultures rely on animal-derived extracellular matrices, though synthetic
scaffolds are emerging as chemically defined, reproducible alternatives [107,108].

Crucially, standard organoid media contain supraphysiological concentrations of an-
tioxidants, growth factors, and nutrients that distort native metabolic states. The profound
influence of culture media on cell fate is particularly evident in studies of ferroptosis,
an iron-dependent, lipid peroxidation-driven form of non-apoptotic cell death, which
serves as a key example of how microenvironmental factors modulate metabolic drug
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susceptibility (Figure 2) [109-113]. Because standard media are optimized for organoid
expansion rather than metabolic fidelity, they exhibit high antioxidant levels and low essen-
tial FA concentrations, which can mask metabolic dependencies and alter drug-screening
outcomes [114,115].

Standard

(e.9. custom-made with B27 and Vs.

ex vivo recipes Context-adapted physiological

media

N2 supplements, Intesticult, etc.)

e Supraphysiological

Physiological lipid supplementation:
Albumin-bound free fatty acids
Phospholipids

Essential w3/w6 fatty acids
Tissue-specific concentrations

antioxidant levels
(NAC, selenite, Vit E)

e Lipid-poor profile
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tumor model, tissue, and biological

question.

Consequences (artifacts): Consequences (physiological relevance):
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Figure 2. The artifact dilemma: standard vs. physiologically optimized media profiles. Schematic
comparison highlighting how ex vivo culture conditions act as active determinants of metabolic
phenotypes. (Left) Standard ex vivo recipes (e.g., custom-made formulations with B27 and N2
supplements, Intesticult) feature supraphysiological antioxidant levels (e.g., N-acetylcysteine, selenite,
vitamin E) and a lipid-poor profile. These components induce experimental artifacts, including
false resistance against metabolic stress, artificial masking of lipid peroxidation pathways, and
complete insensitivity to ferroptosis induction. (Right) Physiologically optimized alternatives utilize
physiological lipid ratios (such as albumin-bound and omega FAs) and tailored redox balances.
This physiological relevance triggers real-world sensitivities, shifting phospholipid compositions
containing monounsaturated and polyunsaturated FA (MUFAs/PUFAs) to yield authentic responses
to metabolic and pro-ferroptotic therapies. Created in BioRender. Corbet, C. (2026) https://BioRender.
com/pttgpol (accessed on 29 June 2026).

Specifically, pioneering formulations rich in antioxidants (including B27, N2, and
N-acetylcysteine) have been shown to markedly alter redox responsiveness. Eaton et al.
demonstrated that commercial media (e.g., Intesticult) reversibly suppress ferroptosis [115].
Moreover, media containing B27, N2, N-acetylcysteine, selenium, and SB202190 confer
prolonged tolerance to ferroptosis, persisting even after media washout [115]. Studies
in synovial sarcoma organoids cultured in commercial media similarly report context-
dependent variations in ferroptosis sensitivity (often lower in 3D than in 2D due to poorly
defined compositions) [116]. Despite these caveats, 3D models remain valuable platforms
for pro-ferroptotic drug screening [117]. However, recent studies reporting ferroptosis
induction in organoids [118,119] utilized media containing suppressive antioxidants while
relying on very small organoids (48-72 h post-seeding in single cells). Whether these
observations translate to larger, mature organoids with established structure and diffu-
sion gradients remains unclear. Additionally, in [119], the authors reported that normal
organoids were not sensitive to omega-3-FAs and all viability experiments were measured
using metabolic activity-based viability assays (in this case, ATP), which complicates the
interpretation of results, given the potential impact of stress associated with lipid peroxida-
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tion. Pairing these with cytotoxicity assays is necessary to rule out compensatory metabolic
mechanisms and confirm that the effects are truly driven (or not) by cell death and ferropto-
sis. Moreover, these experiments were performed in lipid-poor media, raising the question
of what results might occur if they were conducted in media containing physiological levels
of lipids.

Extracellular lipid availability further modulates ferroptosis. Lipid limitation drives
intracellular FA trafficking to release stored FAs as free polyunsaturated FAs (PUFAs),
which are highly susceptible to peroxidation [120]. Conversely, in 2D models, albumin-
bound FAs are the primary drivers of proliferation, indicating that the specific nature of
the FA matters more than total cellular abundance [121]. Critically, Park et al. showed that
lipid composition dictates ferroptosis sensitivity: GPX4 inhibition works in 2D cells but
fails in 3D models and xenografts due to depletion of PUFAs from phospholipids and a
protective enrichment of monounsaturated FAs [122,123].

Importantly, the concept of a “physiological” culture medium must not be interpreted
as a single, static formulation. Physiological concentrations of nutrients, lipids, hormones,
and metabolites vary considerably across tissue origins, anatomical sites, disease stages,
and individual patients. Consequently, optimizing organoid culture conditions should not
necessarily aim to reproduce a universal physiological state, but rather to recapitulate the
specific metabolic context relevant to the biological or clinical question under investigation.
Achieving this requires context-adapted culture media tailored to tissue-specific nutrient
availabilities and metabolic states, moving beyond standard formulations optimized purely
for organoid growth while adhering to emerging community-driven guidelines for culture
media reporting and standardization.

3.4. Circadian Regulation and Temporal Metabolic States

Tumor metabolism is temporally dynamic, regulated by intrinsic ~24-h circa-
dian clocks that govern nutrient utilization, mitochondrial function, redox homeosta-
sis, and drug responses [124]. Orchestrated by a central clock in the suprachias-
matic nucleus that synchronizes peripheral tissue clocks, the molecular clock relies on
transcription—translation feedback loops involving core genes like BMAL1, CLOCK, PER
(including PER?), and CRY [124]. While pluripotent stem cell-derived organoids (e.g., hu-
man pineal gland organoids displaying rhythmic melatonin secretion) have confirmed that
3D cultures retain tissue-specific circadian outputs [125,126], investigating these dynamics
in cancer models remains a nascent field.

Real-time monitoring using bioluminescent reporters (such as BMALI-driven [71]
or PER2-driven [127,128] luciferase) in intestinal organoids reveals that circadian rhythm
strength depends on cell state. Stem cell-enriched conditions exhibit weak or no oscillations,
while differentiation results in strong rhythmicity [71,127,129]. Mechanistically, niche
signals like Paneth cell-secreted Wnt couple circadian oscillations to the cell cycle [129].
Although intestinal tissues harbor autonomous peripheral clocks capable of self-sustained
oscillations, they remain sensitive to external synchronization cues, including serum shocks,
glucocorticoids, and growth factors [127]. Beyond the gut, microengineered liver organoids
exhibit reproducible oscillations useful for high-throughput chronotoxicity testing [130].

In malignancy, circadian regulation is frequently altered or reprogrammed rather than
entirely lost. Breast cancer organoids exhibit dampened, highly variable oscillations, where
reduced clock strength correlates with heightened invasive potential [70]. In CRC organoids,
clock gene disruption drives tumorigenesis by activating Wnt and MYC signaling and
boosting glycolysis, resulting in flattened or desynchronized profiles compared to normal
tissue [131].
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Transcriptomic profiling in PDAC organoids has revealed rhythmic expression of onco-
genic pathways (including EGFR and JUN) and cell cycle regulators [132]. This temporal
data has been successfully leveraged to optimize chronotherapeutic scheduling, demon-
strating that drug efficacy varies significantly by circadian phase [132]. Ultimately, circadian
phenotypes are highly sensitive to differentiation states, synchronization protocols, and
media composition, necessitating strict experimental control.

A fundamental question for clinical translation is whether these microenvironment-
driven metabolic adaptations represent universal pan-cancer responses or tissue-specific
phenotypes. Core survival mechanisms, such as HIF-1o stabilization under hypoxia,
AMPK activation during energetic stress, and increased reliance on nutrient scavenging,
are broadly conserved across solid tumors. However, specific nutrient preferences, FA
utilization profiles, and targetable synthetic lethal vulnerabilities are strongly dictated
by tissue-of-origin lineage, genetic background, and local microenvironmental context.
While pan-cancer pathways offer broad therapeutic targets, context-restricted metabolic
dependencies require tailored, patient-specific strategies modeled in high-fidelity 3D sys-
tems. Because the magnitude and functional consequences of metabolic rewiring vary
across cancer types, vulnerabilities identified in one model cannot be assumed to be univer-
sally conserved, reinforcing the essential role of patient-derived 3D models in mapping
context-specific metabolic dependencies for precision oncology.

4. Discussion

Patient-derived and engineered 3D tumor models uniquely preserve patient-specific
heterogeneity, spatial architecture, and microenvironmental responses compared to 2D sys-
tems. However, they also reveal a key challenge for precision oncology: tumor metabolism
is not entirely hardwired by cell-intrinsic genetics but is dynamically shaped by extracellu-
lar conditions. This plasticity introduces experimental variability, but it also provides an
opportunity to actively tune cultures to match patient-specific pathophysiological states.

To bridge the gap between reductionist in vitro experiments and complex human
biology, advanced bioengineering approaches must be integrated with PDOs. While PDOs
remain the most accessible, high-throughput patient-derived platforms, complementary
systems like 3D bioprinting and organ-on-chip models offer superior control over multicel-
lular organization, fluid dynamics, and nutrient gradients [133-137]. Bioprinting allows
researchers to isolate environmental constraints from intrinsic cellular programs and better
manage nutrient delivery to mitigate non-physiological media artifacts, with integration
into machine learning frameworks now underway [138].

The scale of multidimensional data generated by these models, including high-content
imaging, optical metabolic imaging, metabolomics, and spatial transcriptomics, necessitates
the implementation of artificial intelligence (AI) and machine learning (ML). Rather than
serving as a simple fix for biological limitations, AI/ML frameworks are particularly well-
suited to identifying predictive metabolic signatures and classify functional tumor states.
To enable clinical use, these methods require standardization of multimodal datasets across
different platforms, external validation of predictive models in independent cohorts, and
explainable Al systems that deliver biologically interpretable predictions. For example,
transformer-based architectures like PharmaFormer integrate multimodal organoid data to
predict therapeutic efficacy [139]. By combining metabolic profiling with machine learning,
researchers can accelerate biomarker discovery and predict drug responses or toxicities, a
strategy already validated in non-oncological settings [140-142].
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Crucially, Al applications must remain grounded in mechanistic biology. Organoids
can serve as experimental platforms for training and validating “hybrid digital twins”
that integrate molecular, metabolic, imaging, and clinical profiles to refine patient strati-
fication beyond static genomics. However, most of these applications remain preclinical
or at the proof-of-concept stage. Several barriers must be addressed before metabolism-
driven functional precision oncology can be routinely implemented, including technical
challenges (standardization of organoid derivation, culture media, extracellular matrices
and analytical workflows, interlaboratory reproducibility), biological challenges (biopsy
availability, organoid establishment success, sampling bias, clonal selection, and limited
modeling of systemic metabolism), and clinical challenges (turnaround time, cost, regula-
tory requirements, and prospective validation). Cross-laboratory protocols for organoid
derivation, culture media, extracellular matrices, and analytical workflows remain un-
standardized [143,144], although some efforts to standardize are currently underway, for
example, in gastrointestinal research [145]. Similar reporting and quality frameworks will
be required across tumor types and engineered 3D models.

In addition, current ex vivo systems only partially reproduce the systemic factors that
shape tumor metabolism. Some individual components have begun to be modeled: thyroid
hormone signaling can alter cancer stem-cell phenotypes and chemotherapy responses
in CRC spheroids [146], whereas estradiol can stimulate proliferation in ERoa-positive
patient-derived thyroid cancer organoids [147]. Likewise, intestinal organoid—-microbe
co-culture platforms enable controlled investigation of host-microbe interactions [148], and
recent studies indicate that microbiota-derived metabolites, such as butyrate, can modulate
tumor growth and immunotherapy responses in CRC PDOs [149]. Dietary signals have
also been investigated using organoid assays, including the tumor-suppressive effects
of 3-hydroxybutyrate and the interaction between high-fat diet-associated metabolites
and tumor genotype [150,151]. Dietary interventions, including high-fat diet and caloric
restriction, have been extensively investigated in mouse models and, to a lesser extent, in
organoid systems [152,153]. However, systematic studies reproducing these nutritional
contexts in human patient-derived organoids remain limited. Nevertheless, these studies
generally examine isolated signals and do not yet reproduce the combined influence of
diet, obesity, diabetes, endocrine regulation, microbiota-derived metabolites, hepatic drug
metabolism, and inter-organ communication found in patients. Generating more systematic
datasets across these contexts will be important not only to improve the physiological
relevance of 3D models but also to prevent Al models from learning culture-specific artifacts
and to support the development of more reliable patient-specific predictions. Accordingly,
the strategy illustrated in Figure 3 should be viewed as a proposed conceptual framework
rather than an established clinical workflow.

In conclusion, the convergence of PDOs, advanced bioengineering, metabolomics,
and computational modeling is shifting precision oncology toward the functional char-
acterization and targeting of dynamic metabolic vulnerabilities, moving beyond static
genomic profiling alone. Future clinical success will depend not only on integrating these
technologies but also on accurately defining and controlling the biological context that
shapes tumor metabolism, thereby enabling more physiologically relevant experimental
models and more reliable Al-assisted clinical predictions.
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Figure 3. Proposed conceptual framework for integrating dynamic metabolic profiling into the
functional precision oncology paradigm. Comprehensive translational pipeline comparing static
and dynamic diagnostic paths. (Step 1) Clinical tissue acquisition leads into two parallel diagnostic
paths. (Path A) The classical genomic paradigm utilizes next-generation sequencing (NGS), RNA-
seq, and immunohistochemistry (IHC) to establish a static blueprint; however, genomic alterations
frequently fail to predict functional metabolic phenotypes or environment-mediated adaptations.
(Path B) The functional ex vivo platform leverages patient-derived organoids (PDOs), assembloids,
and bioprinted models subjected to context-adapted environmental conditioning (e.g., acidic pHe
niches of 6.5-6.8, physiological lipid /nutrient availabilities, and circadian synchronization cycles).
(Step 2) Dynamic metabolic profiling (via OMI/WEF-ORI, Seahorse analysis, mass spectrometry,
MALDI-MSI, or oPEM) identifies dynamic changes over time under basal stress and therapeutic
pressure. This coordinates discovery for both prognostic biomarkers (basal signatures, metabolic
tumor subgroups) and predictive biomarkers (treatment-induced rewiring, lipid alterations evading
ferroptosis). (Step 3) Patient stratification drives tailored clinical translation across three distinct
arms: Arm 1 (combining standard therapy with metabolic inhibitors targeting OXPHOS, PHGDH, or
peroxisomal beta-oxidation), Arm 2 (chronotherapeutic schedules optimized to circadian phases),
and Arm 3 (targeted metabolic vulnerability therapies such as nucleotide biosynthesis inhibitors).
Created in BioRender. Corbet, C. (2026) https:/ /BioRender.com/pttgpol (accessed on 29 June 2026).

5. Conclusions

3D tumor models, especially PDOs, have greatly advanced the study of cancer
metabolism by enabling functional analyses in physiologically relevant and patient-specific
contexts. As discussed throughout this review, these systems preserve key aspects of tu-
mor heterogeneity while allowing investigation of metabolic plasticity, treatment-induced
rewiring, and microenvironmental interactions.

Importantly, current evidence demonstrates that metabolic phenotypes in 3D mod-
els are highly context-dependent and strongly influenced by experimental conditions,
including nutrient availability, extracellular lipid composition, oxygenation, pH, stromal
interactions, and circadian regulation. This represents both a limitation and an opportunity.
While non-physiological culture conditions may distort metabolic observations and thera-
peutic responses, careful control and refinement of these parameters could enable more
accurate modeling of patient-specific tumor biology.
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The field is now evolving toward increasingly sophisticated systems integrating stro-
mal and immune compartments, microfluidics, vascularization, and engineered tissue
architectures. In parallel, advances in imaging, metabolomics, spatial profiling, and com-
putational analysis are enabling multidimensional characterization of metabolic states
at unprecedented resolution. Together, these developments are progressively moving
precision oncology beyond purely genomic classification toward functional and dynamic
patient stratification.

Although substantial technical and conceptual challenges remain, integrating patient-
derived 3D models with metabolic profiling and computational modeling holds consider-
able promise for identifying actionable metabolic vulnerabilities, predicting therapeutic
responses, and refining personalized treatment strategies. Achieving this potential will
necessitate interdisciplinary teamwork, standardized experimental and analytical proce-
dures, reliable metabolic profiling pipelines suitable for clinical use, and validation across
multiple centers in prospective studies. Ultimately, these platforms may help transform
cancer metabolism from a largely descriptive field into a clinically actionable component of
functional precision oncology.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

ALI Air-liquid interface

CAF Cancer-associated fibroblast

CRC Colorectal cancer

ECAR Extracellular acidification rate

EMP Epithelial-mesenchymal plasticity

FA Fatty acid

FLIM Fluorescence lifetime imaging microscopy
GC Gas chromatography

HR MAS-MRS  High-resolution magic angle spinning magnetic resonance spectroscopy
LC Liquid chromatography

MALDI Matrix-assisted laser desorption/ionization
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ML Machine learning

MS Mass spectrometry

NMR Nuclear Magnetic Resonance

OCR Oxygen consumption rate

OMI Optical metabolic imaging

oPEM Organoid positron-emission microscopy
OXPHOS Oxidative phosphorylation

PDAC Pancreatic ductal adenocarcinoma

PDO Patient-derived tumor organoid

PLIM Phosphorescence lifetime imaging microscopy
TME Tumor microenvironment

WEF-ORI Wide-field Optical redox imaging
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