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Cancer-on-a-chip for precision cancer medicine
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Many cancer therapies fail in clinical trials despite showing potent efficacy in preclinical studies. One of the

key reasons is the adopted preclinical models cannot recapitulate the complex tumor microenvironment

(TME) and reflect the heterogeneity and patient specificity in human cancer. Cancer-on-a-chip (CoC)

microphysiological systems can closely mimic the complex anatomical features and microenvironment

interactions in an actual tumor, enabling more accurate disease modeling and therapy testing. This review

article concisely summarizes and highlights the state-of-the-art progresses in CoC development for

modeling critical TME compartments including the tumor vasculature, stromal and immune niche, as well

as its applications in therapying screening. Current dilemma in cancer therapy development demonstrates

that future preclinical models should reflect patient specific pathophysiology and heterogeneity with high

accuracy and enable high-throughput screening for anticancer drug discovery and development.

Therefore, CoC should be evolved as well. We explore future directions and discuss the pathway to

develop the next generation of CoC models for precision cancer medicine, such as patient-derived chip,

organoids-on-a-chip, and multi-organs-on-a-chip with high fidelity. We also discuss how the integration

of sensors and microenvironmental control modules can provide a more comprehensive investigation of

disease mechanisms and therapies. Next, we outline the roadmap of future standardization and translation

of CoC technology toward real-world applications in pharmaceutical development and clinical settings for

precision cancer medicine and the practical challenges and ethical concerns. Finally, we overview how

applying advanced artificial intelligence tools and computational models could exploit CoC-derived data

and augment the analytical ability of CoC.

Introduction

Cancer is a leading cause of death and a growing burden in
the United States (US) and worldwide,1–3 urgently requiring
novel and effective therapeutics. However, cancer drugs were
reported to have the lowest rate of approval from the US Food
and Drug Administration (FDA) after entering phase I clinical
trials,4 and it can take a median time of 7.3 years and
median cost of $648 million to develop an approved cancer
drug.5 One key reason for this challenge is the lack of reliably
preclinical models to mimic in vivo scenarios with sufficient
predictive power, thus most anti-cancer drugs failed in
clinical trials despite initial promising results in preclinical
studies.6–8 Cancer therapeutic drugs or cells undergo several
complicated pathological processes such as transportation

through blood vessels and interactions with the tumor
microenvironment (TME) before taking effect.9,10 More
importantly, as cancer is a highly heterogeneous disease, the
intra- and inter-tumor heterogeneity is a leading reason for
the distinct patient responses to therapies.11,12 The efficacy
of therapy is therefore highly dependent on patient-specific
characteristics, which are difficult to be assessed in clinical
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trials and current model systems. Thus the “one-size-fits-all”
approach inherent in conventional preclinical studies is no
longer suitable for future advancements.13 Hence,
development of more accurate preclinical and clinical
screening systems is crucial yet remains a major challenge
for new cancer therapy development.

Various types of preclinical models have been developed
and applied for cancer study, but most of them are still not
ideal for accurate disease modeling and therapy testing
(Fig. 1). Animal models have been the gold standard in
preclinical cancer studies for decades, but they differ
inherently from humans in both physiological and
anatomical aspects.14 For example, genetically engineered
mouse models (GEMMs) might fail to preserve the intra-
tumor heterogeneity of human cancer, while patient-derived
xenograft (PDX) tumor models are constrained by a limited
number of sources, low engraftment success rate, and a high
time and labor cost.15–17 Additionally, the widely used
immunocompromised mice cannot fully recapitulate the
human immune responses, which make them ill-suited to
serve as predictive models for cancer immunotherapies.
Observing and measuring cellular and molecular interactions
in the TME in real time is also challenging in animal models,
leading to a loss of valuable spatiotemporal information on
disease progression and drug response.18 Furthermore, the
use of animal models faces growing ethical concerns.19,20

Instead, different kinds of in vitro models have been
developed as complements or alternatives to animal models.
Traditional two-dimensional (2D) culture in well-plate is low
cost and high throughput, but lacks physiologically relevant
three-dimensional (3D) structures and function.21 Tumor
spheroids22,23 and patient-derived organoids (PDOs), on the
other hand, have recently emerged as novel tools for cancer
modeling because they can retain the characteristics of
original tumor with self-organizing biomimic 3D

structures.24,25 Yet, even though these models can mimic the
3D structure of tumors to some extent, they do not well
reproduce the in vivo TME features such as tumor
vasculature, the spatial distribution of various type of stromal
and immune cells as well as biophysical cues like hypoxia,
blood flow and interstitial flow,26,27 let alone that many
primary cancer cells simply cannot form spheroids or
PDOs.28 Therefore, there is a critical unmet need of a
humanized organotypic oncology model to fill the gap
between the preclinical studies and clinical trials to better
assess anticancer therapies, and improve the mechanistic
understanding of therapy failures within a
pathophysiologically relevant context.

Katsuo Kurabayashi

Dr. Katsuo Kurabayashi is a
Professor of Mechanical and
Aerospace Engineering at New
York University Tandon School of
Engineering. Prior to his faculty
appointment at NYU, he was a
Professor of Mechanical
Engineering and Electrical
Engineering and Computer
Science at the University of
Michigan, Ann Arbor. His area of
research expertise is in micro/
nanoscale biosensors,
biochemical reactors, and

analytical instrumentation using nanofabrication technology,
microfluidic devices, semiconductor processing for infectious
disease screening, human-health environmental monitoring, and
protein engineering.

Weiqiang Chen

Dr. Weiqiang Chen is a Professor
of Mechanical and Biomedical
Engineering at New York
University Tandon School of
Engineering. He earned his Ph.D.
degree in Mechanical Engineering
from the University of Michigan
in 2014. He is a Fellow of
American Heart Association and
the recipient of the Biomedical
Engineering Society Cellular and
Molecular Bioengineering Rising
Star Award and Young Innovator
Award, the Chroma Biomedical

Engineering Young Investigator Award, and the Lab on a Chip
Emerging Investigator Award. Dr. Chen's research interests center
on innovative micro/nanoscale lab-on-a-chip and organ-on-a-chip
technologies for cancer diagnosis, modeling, and treatment.

Fig. 1 Comparisons among different types of current preclinical
models for cancer study.
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Originated from the recent microfluidic organ-on-a-chip
technology, bioengineered cancer-on-a-chip (CoC)
microphysiological systems have emerged as novel
transformative tools for precision cancer medicine, as they
can closely mimic the complex features and
microenvironment interactions in an actual tumor.29–32

Combined with patient samples or patient-derived organoids,
CoC models have potentials to retain the original patient
characteristics and tumor heterogeneity, making them a
valuable precision medicine tool to predict potential
therapeutic efficacy and screen for personalized and
optimized anti-cancer therapies for individual patients.33–35

Moreover, novel multi-organ-on-a-chip cancer models can
simulate the interactions across different organs within a
single system, making it possible to study complex
pathological processes such as tumor cell intravasation,
circulation, and extravasation through the vascular system
and TME during cancer metastasis.36–38 Multi-organ-on-a-
chip cancer models can also be used to test the efficacy of
potential cancer drugs on multiple organs simultaneously,
helping to identify potential side effects and therapeutic
targets. CoC can also integrate microfluidics-based
microenvironmental control functions to precisely tune key
biophysical and biochemical cues such as matrix stiffness,
fluid flow, and gradients of nutrients, cytokines, chemokines
and oxygen, mimicking the complex and dynamic
environment in tumor under highly controlled,
physiologically relevant conditions.39–41 In addition, the
microfluidic CoC system present unique advantages for a
high-throughput screening with arrays of testing units,
ensuring uniformity and reproducibility across all samples
while with good controllability, accelerating screening
efficiency and accuracy. Moreover, CoC is compatible with
live cell imaging and many existing bioassays for a
multiparametric and spatiotemporal characterization, and
further integration of novel in situ sensors, advanced
analytical methodologies and artificial intelligence (AI) tools
could provide rich and high-resolution biological information
for cancer physiological study and therapeutic
predictions.42–44

The recent FDA Modernization Act 2.0's approval in
2022 is a major step forward for the development and
adoption of organ-on-chip technology as alternatives to
traditional animal testing in the pharmaceutical
industry.45,46 The cutting-edge CoC technology provide a
new paradigm for a “clinical trials on a chip” study, thus
holds a great translational potential for pharmaceutical
development and precision medicine, ultimately leading to
the development of more effective and safer treatments for
cancer patients. A series of reviews have summarized types
of CoC models and related tools for profiling cancer
cascade and characterizing TME.47–51 Specifically, in this
review, we will focus on the state-of-the-art progress in CoC
development for modeling different key niches in TME
including vascular, stromal and immune
microenvironments, and CoC applications in screening

cancer treatments like chemo and immunotherapy.
Moreover, we will look into the future and discuss the path
to build the next generation of CoC models for precision
cancer medicine with high accuracy, translational potential,
and analytical ability.

State-of-the-art progress in CoC
development

Despite various cancer treatment methods like surgery,
chemotherapy, radiotherapy and even novel immunotherapy
options being developed over the last several decades, cancer
remains among the current leading causes of death
worldwide and is considered a major public health
concern.1–3 Critical challenges including tumor
heterogeneity, inherent histologic properties and the
immunosuppressive nature of the TME significantly impede
effective treatment. The TME is a “milieu” of distinct
elements including aberrant ECM, stroma, infiltrating
immunosuppressive cells [e.g., tumor-associated
macrophages (TAMs), myeloid-derived suppressor cells
(MDSCs) and regulatory T (Treg) cells], as well as
accumulating inflammatory or immunosuppressive
cytokines and chemokines.9,10 Cancer is a heterogeneous
disease with high variability of patient clinical pathology.
The patient-specific TME characteristics lead to distinct
response to therapies. To address these critical challenges,
CoC has been applied in modeling different types of
cancers including solid tumors like lung,52 breast,53 liver,54

pancreatic,55 brain56 and colorectal cancer,57 and blood
cancers like leukemia58 and lymphoma.59 Compared to
animal models and traditional in vitro models, CoC allows
for a more accurate representation of the human TME, as
they can directly incorporate human cancer cells and niche
cells, mimic the complex 3D anatomical structure and
features like tumor vasculatures, stromal, immune, and
extracellular matrix (ECM) components.60,61 Various
therapies have been tested on CoC including
chemotherapy,62 radiation therapy,63 immunotherapy64 and
cellular therapy.65 In this section, we will discuss the
current progress in CoC development for TME modeling
and therapy screening (Fig. 2) and the major examples are
summarized in Table 1.

Modeling tumor vasculature

Tumor vasculature is a key component of the TME that
significantly influence tumor behavior, including its growth,
invasion, metastasis, and response to therapies.84,85 It often
contributes to therapeutic resistance due to its abnormal
structure and function which can hinder drug delivery and
immune cell infiltration in the TME. In vitro preclinical
models, particularly those 2D cell co-culture, 3D spheroids
and PDOs lacking perfusable vasculature, are not ideal to
study the tumor–vascular interactions in TME.86 CoC which
excels in mimicking the tumor vasculature formation, has

Lab on a Chip Critical review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

5 
A

pr
il 

20
25

. D
ow

nl
oa

de
d 

on
 6

/2
9/

20
25

 2
:4

7:
18

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4lc01043d


Lab Chip This journal is © The Royal Society of Chemistry 2025

emerged as a promising solution.87–90 Biomimicry tumor
blood vessels can be formed on chip through vasculogenesis,
sprouting angiogenesis, or anastomosis. The vasculogenesis
self-assembly method simply mixes primary vascular
endothelial cells with hydrogels (e.g., fibrin gels) to
spontaneously form an interconnected 3D vascular
network.66,91,92 As tumor grows in size, tumor cells release
pro-angiogenic factors such as vascular endothelial growth
factor (VEGF) to facilitate tumor angiogenesis to form new
blood vessels.93 The sprouting angiogenesis method forms
new blood vessels sprouts by growing endothelial cells from
existing blood vessels toward an angiogenic stimulus such as
cancer cells, VEGF, or hypoxia in parallel microfluidic
channels.67,94 Alternatively, the anastomosis method creates
capillary networks through the sprouting and anastomosing
of endothelial cells to form perfusable interconnections from
established vasculature beds in two side-channels.68,95–98

The formation of tumor blood vessels on chip relies highly
on various factors including the source of endothelial cells,
proper co-culturing cells, ECMs, pro-angiogenic factors and
biophysical cues like interstitial flow and hypoxic conditions.
Primary endothelial cells of healthy donors from commercial
supplies (e.g., human umbilical vein endothelial cells,
HUVECs) are often used for blood vessel construction in
current CoC models, due to their readily available nature,
well-studied characteristics and angiogenesis potential.36,38

However, tumor blood vessels could exhibit an aberrant,
immature structure, which are more permeable than normal
vasculatures.99,100 The vascular properties may vary depending
on the functional state of the endothelium or organ-specific
characteristics.37,101 Therefore, selecting appropriate
endothelial cells especially tumor-derived endothelial cells are
critical for better reproducing tumor vasculatures on chip for
different modeling scenarios. For example, in a glioblastoma
(GBM)-on-a-chip model, brain-specific endothelial cells

formed tighter and more biomimic microvessels compared to
umbilical cord or the lung-derived endothelial cells.102 A
micro-tumor model has also demonstrated that the source
and passage of endothelial cells affects the perfusability
and robustness of vessel network.103 In addition to the cell
source, the ECMs used in the model also significantly affect
the formation of tumor blood vessels, thus requiring an
optimization to better support tumor vasculature growth.
Fibrin or a fibrin-based mixture has been the most
commonly used scaffold structure in CoC models to
support tumor and vasculature.104–106 Moreover, pro-
angiogenic supporting cells such as human lung fibroblasts
are often used to support the vasculature formation in
vascularized CoC systems.107,108 Other cells like platelets
have also been found to promote angiogenesis under the
influence of tumor cells.109 In addition, pro-angiogenic
soluble growth factors like VEGF, HB-EGF (heparin-binding
epidermal growth factor-like growth factor) and PIGF
(placental growth factor),90,110 and biophysical cues such as
interstitial flow and hypoxia in TME can promote
vasculature growth on chip.111,112

Vascularized CoC platforms provide an effective tool for
studying tumor–vascular interactions in the TME.36 For
example, CoC models have been used to study how tumor
actively participate in driving angiogenesis and shaping
blood vessels.113 For instance, ovarian and lung tumors
were found to promote the formation of stable vascular
network and increase the permeability and necrosis of
surrounding vasculature.114 A pancreatic cancer model
emulated vascular invasion and tumor–blood vessel
interactions and determined the mediator of endothelial
ablation from cancer.70 Immune–vascular–tumor
interactions in glioblastoma were also studied in a 3D
microfluidic angiogenesis model, and validated that tumor-
induced polarization of immunosuppressive macrophages

Fig. 2 Cancer-on-a-chip microphysiological systems for tumor microenvironment modeling and precision cancer medicine screening.
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Table 1 Summary of major state-of-the-art CoC platforms for tumor microenvironment modeling and therapy screening

Type Model Setup Application Ref.

Vasculature In vitro capillary network Self-assembly vasculogenesis Building perfusable and interconnected
vasculature

66

3D endothelial-lined
microvessels

3D lumen-based vasculature structure with
sprouting angiogenesis

Studying the role of angiogenesis in tumor
growth and metastasis

67

Vascularized tumor
spheroids

Anastomosis between tumor and vascular
bed

Creating perfusion in tumor for biomimic
drug administration

68

3D perfusable
microvascular networks

Microvessel bed with tumor cell perfusion Single-cell level spatial–temporal
characterization of tumor cell extravasation

69

Pancreatic cancer chip with
3D perfusable endothelial
lumens

Juxtaposed cancer and vessel lumens
mimicking the cancer cell invasion
process

Investigating the mechanism of how tumor
reshapes blood vessels

70

Stromal
microenvironment

Breast cancer chip
replicating ECM activation

Epithelial cells invaded into stromal
chambers causing ECM activation

Studying ECM activation process by on-line
monitoring of ECM evolution

53

Microfluidic model
integrating 3D tumor
spheroids and CAFs

Tumor spheroids and CAFs cultured in
proximity in a hydrogel on chip

Validating CAFs promoting tumor growth
while tumor cells inducing CAF activation
and migration

71

Omentum-on-a-chip
studying stroma-mediated
metastasis

Layer-by-layer loading at different days
creating biomimic tissue-like structures

Investigating how stromal cells affect
tumor cell attachment and growth leading
to metastasis

72

Tumor-on-a-chip
incorporating human
platelet lysate hydrogels for
tumor metastasis study

Bone marrow mesenchymal stem cells and
tumor cells embedded in human based
platelet lysate hydrogels on chip

Reproducing the early cancer metastasis
process and studying tumor–stromal
cell–ECM interactions in a fully human
derived TME

73

Immune
microenvironment

Glioblastoma-on-a-chip
dissecting
immunosuppression

Incorporating tumor, macrophages, 3D
vessels and engineered ECM in a chip

Modeling the macrophage-associated
immunosuppression and angiogenesis

74

Multi-channel
tumor-macrophage
co-culture model
investigating EMT

Tumor aggregates cultured in contact or
separately with macrophages in a
multi-channel device

Investigating the role of different subtypes
of macrophages in causing tumor
aggregate dispersion as an indication of
EMT

75

3D microfluidic chip
modeling tumor-induced
DC migration

DCs and tumor cells cultured in
interconnected chambers

Tracking DC migration towards tumor cells
and investigating potential chemokine axis

76

3D microfluidic tumor
model with cytokine
gradients

Center channel loaded with tumor cells
and two side channels loaded with
chemokine flow to build linear gradient in
the center channel

Studying role of cytokine gradient in
regulating tumor cell migration

77

Therapy modeling
and screening

Arrayed vascularized micro
tumors for drug screening

Multi-unit array contained perfused and
vascularized tumor in each unit, and
drugs were delivered through hydrostatic
pressure gradient

Large-scale chemo drug screening 78

Organotypic tumor
spheroids for PD-1
blockades profiling

Patient-derived tumor spheroids
integrated with microfluidic culture

Immune checkpoint blockade testing 79

Immunocompetent
leukemia chip for CAR T
cell therapy screening

Reproducing bone marrow niche
structures on chip and infused CAR T cells
through vessels

CAR T cell therapy modeling and screening 80

Breast cancer chip for CAR
T cell efficacy and safety
testing

Two-chamber structure with top chamber
CAR T cell extravasating through
endothelial monolayer to interact with
bottom chamber tumor aggregates

Assessing the kinetics of cytokine secretion
during CAR T cell therapy for safety
evaluation and testing the patient-specific
efficacy related to antigen expression

65

Cancer chip model to
evaluate NK cell therapy

Tumor cells were co-cultured with NK cells
and a vessel lumen were applied to
perfuse cells, medium or drugs

Investigating the mechanism of NK cell
exhaustion in TME and testing potential
therapies to alleviate the exhaustion

81

Automatic microfluidic
platform for drug testing

A high-throughput 3D cell culture
chamber integrated with a multiplex fluid
control system

Automatic testing of patient responses with
different therapies

82

Microfluidic CoC model
with tumor slices for
valuating drug response

Tumor slices were cultured in microfluidic
chip with a pumping system providing
perfusion

Maintaining the original characteristics of
tumors and investigating their
chemosensitivity

83
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fostered a proangiogenic niche.74 Perfusable, vascularized
CoC also made it possible to study metastasis.54,115–117 CoC
models have been used to study cancer cell intravasation
through mosaic vessels,118 cancer cell migration along the
vasculature119 and cancer cell extravasation from blood
vessels in metastasis.120,121 A CoC model established
microvessels and allowed for visualization and
characterization of tumor cell extravasation dynamics69

(Fig. 3A). The engineered perfusable vasculatures also
allowed for the study of drug delivery86,122–124 as well as
immune cell recruitment and extravasation in cancer
immunotherapy.80,81,125–128 For example, poor blood–brain
barrier (BBB) penetration, a major obstacle for targeted
drug delivery in brain tumors,129 can be modeled with a
BBB-on-a-chip model to recapitulate BBB function and
mimic drug delivery and efficacy.62,130–132

Modeling tumor stromal microenvironments

The tumor stromal niche, involving various types of cells
such as tumor-associated fibroblasts (CAFs), mesenchymal
stem cells (MSCs), endothelial cells, tumor-associated
adipocytes, pericytes, osteoblasts and ECM, plays a pivotal
role in forming a TME that promotes tumor progression,
metastasis, and drug resistance.133–135 Advanced CoC in vitro
models that faithfully recapitulate the complexity of stromal
microenvironment, hold significant potential as platforms
for elucidating the mechanisms underlying tumor–stromal
crosstalk and for the development and screening of novel
therapies. CAFs are the most abundant stromal cell type and
are the primary source of ECM deposition in the TME,
contributing to the physical and biochemical structure of the
TME.136,137 CAFs can be recruited from nearby fibroblasts by

Fig. 3 Representative cancer-on-a-chip models for tumor microenvironment modeling and therapy screening. (A) A tumor vasculature CoC
model mimics the extravasation of tumor cells from vasculature. Reproduced from ref. 69 with permission from Springer Nature, copyright
2017. (B) A tumor stromal niche model studies CAFs activated by tumor cells and induced the over deposition of ECM components collagen,
fibronectin and hyaluronic acid. Reproduced from ref. 53 with permission from Wiley, copyright 2016. (C) An GBM immune niche model studies
TAM associated immunosuppression and promoted angiogenesis. Reproduced from ref. 74 with permission from Elsevier, copyright 2018. (D) A
CoC with vascularized micro tumors screened effective chemo drugs with high reproducibility and biomimicry. Reproduced from ref. 78 with
permission from Royal Society of Chemistry, copyright 2021. (E) A leukemia chip modeled the in vivo leukemic bone marrow niche and CAR T
cell therapy on chip. Reproduced from ref. 80, CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). (F) An automatic microfluidic CoC
platform enabled personalized drug screening of for different patients. Reproduced from ref. 82, CC BY 4.0 (https://creativecommons.org/
licenses/by/4.0/).
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tumor cells or be transdifferentiated from normal
fibroblasts138,139 or from tumor-associated stromal cells such
as MSCs.140,141 Cancer–stroma chip models have been
leveraged to study the interactions between cancer cells and
CAFs, recapitulating how cancer cells induce specific CAF
phenotypes, activation, and migration.142 A breast CoC model
replicated how cancer cells induced the activation of CAFs
and the subsequent excessive deposition of ECM in stromal
niche during cancer invasion53 (Fig. 3B). Compared to
normal fibroblasts, CAFs exhibit different phenotypes,
signaling pathways and protein expression, and promote
tumor growth, angiogenesis and metastasis.143,144 In
addition, CAFs inhibit anti-tumor immune cells,145,146

provide metabolites to tumor cells147,148 and participate in
resistance to anti-tumor treatment.149,150 Using cancer–
stroma chip models, one can investigate the potential
mechanisms of how CAFs promote cancer cell invasion and
therapy resistance.71,151–153 The migration ability of tumor
cells influenced by CAFs was studied through an invasion
assay on chip and was combined with transcriptome analysis
to determine the gene of interest related to invasion.154 The
crosstalk between CAFs and lymphatic vessels, was
investigated on chip and found that CAF-secreted cytokines
can impair vessel barrier function and mediate patient-
specific cancer cell migration with clinical relevance.117,155 A
multi-compartmentalized CoC model verified that CAFs can
lower the killing effects of anti-tumor drugs, and that such
drug resistance can be rescued by targeted therapy avoiding
CAF-induced ECM remodeling.156 Beside CAFs, other tumor-
associated stromal cells such as MSCs, osteoblasts,
adipocytes and pericytes were also found to be critically
involved in TME.157–160 For instance, a peritoneal omentum-
on-a-chip model was used to study the distinct effects of
stromal cells including mesothelial cells and adipocytes on
tumor cell attachment and growth, as well as the
microvascular network formation.72

ECM is a major non-cellular component in tumor stromal
niche. Its composition and biophysical characteristics (e.g.,
stiffness) can be indicators of tumor progression,
metastasis161,162 and therapy resistance.163,164 CoC models
utilize natural hydrogels (like fibrin gel, collagen or
Matrigel)165–167 or mimicking hybrid hydrogels,56 allowing for
3D cell culture and mimicking the tissue-like conditions of
the TME. More biomimicking ECM with anisotropic
architectures168 or various natural or synthetic components
like polyethylene glycol (PEG)169 and polylactide-co-glycolide
acid (PLGA),170 can be tailored to mimic the TMEs of specific
cancer types. ECM can be also obtained from tissues through
decellularization instead of reconstituted hydrogels to better
mimic the mechanical and physiological properties of the
original tumor.52 CoC models enable the investigation of the
evolution of cell-assembled ECM over time such as the high
deposition of hyaluronic acid (HA) during tumor
progression.53,165 Integrated with engineered ECM of various
structures or densities, CoC can create a physiologically
relevant stromal niche and allow for the behaviors of cancer

cells under different biophysical cues to be studied.38,171–173

In vitro CoC models can recapitulate stromal cells, ECM
characteristics, and physical properties at different metastatic
sites, providing a platform for studying the mechanisms of
metastasis and predicting metastatic potential.174 On-chip
metastasis models have been applied to study how stromal
cells and cancer cells facilitate tumor invasiveness via
remodeling matrix stiffness, adjusting collagen expression
and inducing certain gene expression.73,175,176 Likewise, an
ovarian CoC has demonstrated how ECM components and
biophysical cues like shear pressure and can affect cancer cell
migratory behavior.177

Modeling tumor immune microenvironments

Immune cells (e.g., myeloid cells and lymphocytes) and
acellular components (e.g., cytokines) can interact with tumor
cells and other niche components and lead to
immunosuppression in TME, critically regulating tumor
progression, immune escape and drug resistance.178,179

Immunocompetent CoC incorporated with critical immune
components can serve as an ideal tool for tumor immune
microenvironment modeling to systematically investigate
immune response, immune cell infiltration, antitumor
cytotoxicity or protumor immunosuppression.180 TAM is
abundant in the tumor immune niche and play a central role
in supporting tumor development and immunosuppression
in TME.181,182 CoC models have shown cancer cells can
induce the recruitment183 and activation processes of
macrophages into tumor cites,184 and in turn, TAM can
enhance the speed and migration directedness of cancer cells
through a matrix metalloproteinases (MMP)-dependent
manner.185 Macrophages can polarized into different
subtypes as a spectrum from anti-tumor M1 subtype to pro-
tumor M2 subtype in the TME, exerting distinct functions in
mediating immunosuppression, tumor progression and
metastasis.186 CoC study demonstrated that M1 macrophages
can inhibit tumor invasion, growth and angiogenesis while
M2 macrophages promote tumor migration.187 A GBM-on-a-
chip model demonstrated that TAM in the GBM TME were
more polarized towards M2 phenotype and promoted tumor
angiogenesis and immunosuppression through immune–
vascular and cell–matrix interactions74 (Fig. 3C). By
measuring the dispersion of carcinoma aggregate as a
representation of epithelial-mesenchymal transition (EMT), a
CoC platform that introduced different subtypes of
macrophages found that macrophages of M2a subtype might
promote cancer metastasis through a contact-mediated
mechanism.75

Dendritic cells (DCs) are the major cells participating in
tumor antigen presentation.188 A CoC model which tracked
the motion of DCs towards tumor cells as well as the
subsequent phagocytosis events, was used to determine that
the CXCR4/CXCL12 axis as the key signaling pathway guiding
DC movement.76 Natural killer (NK) cells have strong
cytotoxic activity and can directly kill cancer cells.189
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However, immunosuppression can lead to the lack of
presence of NK cells in TME.190 CoC models allow for a study
of NK cell migration towards tumor cells under DC-induced
chemical gradient,191 indicating the recruitment and anti-
tumor potency of NK cells might be influenced by the
crosstalk with DCs. In the future, more types of important
immune cells such as Treg cells and MDSCs can be
incorporated in the CoC models to better recapitulate the
immunosuppressive TME. A 3D organotypic and
immunocompetent leukemia chip constructed with healthy
donor or patients' bone marrow mononuclear cells included
all key bone marrow immune cells on chip, well mirrored the
in vivo leukemic bone marrow immune microenvironment
with biomimic cell compositions and functions.80 Another
bone marrow on-a-chip model that incorporated four major
niches and utilized recirculating perfusion system
investigated the distinct patterns of homing and retention
between malignant and healthy hematopoietic stem and
progenitor cells (HSPC).192 Moreover, immune cell secreted
cytokines in TME are critically involved in regulating cancer
initiation, EMT, invasion and metastasis.193 The stable
chemical gradient established on chip enables investigation
of how specific cytokines facilitate the invasion of cancer
cells in TME77 and formation of immunosuppressive TME.74

Despite the recent significant advances in CoC development,
many challenges remain to be addressed to enhance the fidelity
of the platform in modeling the TME. It should be noted that
due to the limitation of available cell samples and the
complexity in TME, it is usually not realistic to include all types
of TME components on chip. A system with too high complexity
would compromise the robustness, while a system that is too
simple cannot accurately reflect the true niche. Therefore, the
minimum system that satisfactorily recapitulates the TME
should be determined. With various types of niche cells present
on chip, a careful balancing of culture conditions, such as the
nutrient requirements for each cell type, is required. Moreover,
human leukocyte antigen (HLA)-mismatch in allogeneic cells is
a particularly considerable problem in modeling patient-
specific TME on chip as it will cause artifacts in immune
responses. To attenuate this issue, one possible solution is to
knockout of immune-related genes like β2 microglobulin (B2M)
gene in allogeneic niche cells.194,195 Alternatively, adopting
autologous patient-derived immune cells or patient induced
pluripotent stem cell (iPSC)-derived cells from one patient
may be a promising choice in the future.196–199 Lastly,
mechanosensation of immune cells is an important factor in
modulating their phenotypes and immune responses,200 and
the mechanism of how immune cells respond to mechanical
stimuli is promising to be investigated by CoC in the future.

Therapy modeling and screening

Despite significant progress in the field of oncology and
continuing improvement in cancer treatment have been
made, the complex nature of tumors, including their
heterogeneity and ability to develop resistance to drug, often

results in unreliable predictions of treatment efficacy and
safety in preclinical models and clinical trials.201–203 Current
simple in vitro models and animal models fail to reflect the
tumor heterogeneity and TME characteristics, thus cause
significant discrepancies between the preclinical and clinical
results. CoC models with physiologically relevant TME,
enable accurate assessments of new cancer therapies and
patient responses, thus facilitating drug development and
precision cancer medicine.204–206

Chemotherapy remains one of the most prevalent cancer
treatments, though challenges including cancer drug
resistance, toxicity and patient-specific response make it
difficult to achieve consistent success.207 CoC model can
investigate chemo drug resistance by dissecting the effects of
TME niche factors,208–210 establishing wide ranges of drug
gradients for dose testing,211 and applying potential
combinational therapies to overcome chemoresistance.212 A
leukemia-on-a-chip study systematically explored how the
bone marrow stromal niche cells such as vascular cells, MSCs
and endosteal osteoblasts are able to maintain the survival of
leukemia cells and support chemoresistance though cytokine
and adhesive signaling.58 A following leukemia chip study
further verified that leukemia cells could promote the non-
classical monocyte differentiation, which is related to the
leukemia patient's survival and chemotherapy response.213 A
multi-compartmentalized CoC model verified that CAFs can
lower the killing effects of anti-tumor drugs, and that such
drug resistance can be rescued by targeted therapy avoiding
CAF-induced ECM remodeling.156 Aligned stromal
topography mimicking the in vivo tumor migration front was
recreated on a hybrid nanopatterned model, and validated
that such topography can mediate the chemoresistance of
cancer cell clusters to different treatments.214 The efficacy of
chemotherapy also depends on the structure and function of
vessels to transport drugs.215 Vascularized and perfused CoC
models enable mimicking chemo drug transport with high
biomimicry.216 A CoC model established vascularized micro
tumors on chip and identified effective chemo drugs with
high reproducibility and physiological relevance78 (Fig. 3D).
Such kinds of platforms have been used to investigate the
mechanisms of tumor therapy resistance due to the
obstruction of drug delivery and the effects of perfusion on
drug transport.68,217,218

Immunotherapy is becoming a promising treatment for
cancer, but human immune responses to immunotherapies
cannot be well recapitulated in animal models.219 Novel CoC
immune-oncology models could recapitulate the complexity
and heterogeneity of immune niche, thus suitable for
assessing cancer immunotherapies.220–222 Immune
checkpoint inhibitors (ICIs) are most widely used
immunotherapies clinically223 and have been modeled with
CoC.224–226 For example, a GBM-on-a-chip model built with
patient-derived GBM cells as well as TAMs and 3D
vasculature has been used to model PD-1 checkpoint based
immunotherapy and combination therapy.56 The GBM chip
study validated that different GBM subtypes had different
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levels of TAM M2 polarization, immunosuppression, and
cytotoxic T cell infiltration, thus resulting in distinct
responses to the PD-1 ICI. In another study, patient and
murine derived organotypic tumor spheroids retaining
autologous key TME lymphoid and myeloid cell populations
were cultured in 3D microfluidic chips, and were applied to
determine the key TME immune cell and cytokine features
associated with response and resistance to PD-1 ICI
treatment.79 Such chip was further combined with dynamic
single-cell RNA sequencing to determine a subpopulation of
anti-PD-1 therapy persister cells.227 In addition to T cell
based ICI studies, immunotherapies targeting other immune
cells in TME like TAM were studied on chip as well.228 The
microfluidic CoC system has been employed to investigate a
promising immunotherapeutic approach that combines anti-
epidermal growth factor receptor (EGFR) IgA with an anti-
CD47 innate ICI to activate M2-like macrophage phagocytic
function to eliminate cancer cells. In addition to the immune
niche factors, incorporating stromal cells like CAFs and MSCs
on chip has revealed a potential for more precise prediction
of immunotherapy efficacy than conventional models.229 CoC
models have demonstrated that CAFs can suppress the
functions of immunotherapies like trastuzumab230 and PD-1
ICI.64 It was validated on chip that when reducing the
expression level of immune checkpoints like PD-L1 on CAFs
with pirfenidone, CAFs and cancer cells showed lower
invasion and migration capacity.231 As salient features of
solid tumors, dense stroma, abundant immunosuppressive
cells and cytokines can inhibit the infiltration of cytotoxic T
cells and cause an immune cold TME, significantly lowering
immunotherapy efficacy.232–234 With real-time monitoring
functions and 3D organotypic TME features, T cell infiltration
and their interactions with the TME under immunotherapy
can be investigated through time-lapse live cell imaging on
chip.224–226 As targeting stroma or immune niche cells can
overcome the immune cold TME and enhance immune cells
infiltration, CoC models are suitable for testing and
screening niche-targeted therapies in the future due to its
high spatiotemporal resolution and accessible readouts.56

Cellular therapy is an emerging immunotherapy strategy
by engineering immune cells to fight cancer.235 CoC models
have been applied to study engineered chimeric antigen
receptor (CAR) T cell therapy. A leukemia chip has enabled
real-time spatiotemporal monitoring of CAR T cell dynamics
and functions, including infiltration, activation, tumor killing
and cytokine secretion, modeling distinct clinically observed
responses including remission, resistance and relapse on
chip80 (Fig. 3E). Besides, different types of CAR T cell
products were examined on the chip, indicating the potential
of the CoC model for CAR T cell development and
personalized therapy screening. This leukemia CoC model
has been applied to investigate potential factors leading to
therapy failure, e.g., exploring how leukemia intrinsic drivers
regulate CD19 antigen presentation on leukemia cells and
impact patient response to CAR T cell therapy.236 CoC models
have been applied to study CAR T cell therapy for solid

tumors, and investigate the hurdles encountered during CAR
T cell infiltration in ECM and killing to cancer cells.237

Another CoC model monitored the cytokine release kinetics
during CAR T cell therapy and studied how to attenuate
cytokine release syndrome (CRS), a main adverse event in
CAR T cell therapy, with drug intervention to achieve on/off
functional control of CAR T cells.65 The chip also accessed
antigen-dependent CAR T cell killing efficacy by including
different PDOs in the system. Beside CAR T cells, T cell
receptor (TCR)-based T cell therapy was modeled on chip as
well to study how immune cells like monocytes,238

environmental cues like inflammation and oxygen level239

and novel base editing technology like CRIPSR can affect
therapy efficacy.240 In another study, CoC model assessed the
on-target off-tumor effect of T cell bispecific antibodies
(TCBs) immunotherapy by monitoring epithelial cell death,
immune cell activation, attachment and pro-inflammatory
cytokine secretion, demonstrating its potential in
immunotherapy safety evaluation.241 Besides, NK cell therapy
was evaluated on chip to investigate the penetration of NK
cells into tumor spheroids127 and how tumor-induced
immunosuppression leading to NK cells exhaustion, which
can be alleviated by combinational ICIs and
immunomodulatory agents.81 Oncolytic vaccinia virus (OVV),
another novel immunotherapy, was modeled on chip. An
automatic imaging processing algorithm was developed to
analyze the dynamics of tumor and immune cells and
revealed that OOV and immune cells together mediate the
cytotoxicity on chip.242

The evolving landscape of cancer treatment is increasingly
focusing on more personalized and precise interventions,
accentuating the need for reliable and innovative screening
technologies like CoC. For example, autologous tumor cells,
CAFs and cytotoxic T cells obtained from patient samples
have been utilized to establish a personalized lung CoC
model.64 Various on-chip responses to anti-PD-1 therapy were
observed on chip and showed similar trends with clinical
results. CoC is suitable for high-throughput preclinical
antitumor drug screening. For instance, a 3D-bioprinted
cholangiocarcinoma-on-a-chip model resembled the
anatomical microstructure of the hepato–vascular–biliary
system, permitted a high-content antitumor drug
screening.243 Another way to enable large-scale therapy
screening is to develop 3D microtumors like tumor spheroids
or organoids and incorporate them into array patterns on
chip.244–249 An automatic microfluidic platform enabled the
growth of PDOs and in parallel drug testing of 20 different
regimens and 10 different patient samples under individual,
combinational or sequencing therapy (Fig. 3F).82

Multicellular tumor spheroids derived from different patients
were integrated into a 3D-printed microfluid chip and treated
with different chemotherapies, demonstrating correlations
with clinical results.250 Besides, patient tumor tissues can be
directly dissected into submillimeter size and integrated on
the chip through trapping them with microfluidic circuits for
therapy screening.251–253 Sliced tumor tissues were laid on
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the porous membrane on the chip and drugs were perfused
through the adjacent delivery channel for large-scale
chemosensitivity testing254 and drug response prediction.83

Liquid biopsy derived from cancer patients' blood is another
choice to be tested on chip for drug resistance or tolerance
screening and evaluation.255

The path to build the next generation
CoC model for precision cancer
medicine

CoC has become a promising tool in disease modeling and
therapy screening.256–258 However, there are still gaps to
translate this new technique into real-world applications. To
reflect patient-specific features for accurate and personalized
drug testing, patient-derived cell samples should be
integrated on chip. Novel 3D in vitro models like organoids
have great potential to be combined with CoC with
synergistic engineering to build a more biomimic model.
Moreover, through linking multiple organs into one system
and integrating sensors and microenvironmental control
modules, the complexity and fidelity of the CoC system can
be further improved. Advanced analytical methods like
computational models and AI-based tools can utilized to
process the CoC readouts, generating new insights and
aiding therapy response prediction in a more precise and

quantitative manner. Lastly, to translate the CoC into the
market, standardized and scalable CoC with economical
manufacturing and high-throughput function is essential. In
this section, we will discuss the approaches to evolve CoC
with high accuracy, analytical ability and translational
applications. In this section, we will discuss strategies to
build next generation CoC model for precision cancer
medicine (Fig. 4) and the major examples are summarized in
Table 2.

Building patient-derived chips

As cancer has high intra-tumoral and inter-tumoral
heterogeneity,282 patient samples will better recapitulate the
original characteristics of specific patients and enable
tailored therapy with CoC model. Conventional CoC were
mostly primed with cancer cell lines and commercial primary
cells from different donors. Despite the easy access and the
simple preparation of such samples, the human physiological
relevance and the ability to recapitulate the patient-specific
TME are largely impaired. To enable precision medicine with
CoC, incorporation of patient cell samples on chip to reflect
patient-specific characteristics is indispensable.

To build patient-derived CoC models, one common
approach is to dissociate and isolate different types of cells
from patient biopsy samples, then reconstitute these
dissociated cells into CoC to form patient-specific TMEs on

Fig. 4 The path to build the next generation CoC model for precision cancer medicine.
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Table 2 Major examples of building next generation CoC model for precision cancer medicine

Type Model Setup Application Ref.

Patient-derived chip Colon cancer chip with
autologous patient tumor
cells, stromal cells and
lymphocytes

Patient-derived cells were accommodated in a
micropatterned hydrogel chamber with mini
colon structure on chip

Accessing drug efficacy and
toxicity and investigating the
interplays among different TME
components

57

Patient-derived tumor vessel
on chip

Tumor or normal adjacent tissue-isolated
endothelial cells were loaded on chip forming
vessel lumen

Reproducing patient tumor vessel
features and tailoring treatments
for specific patients

259

Microfluidic model
maintaining tumor biopsy
with perfusion

Tumor biopsy was loaded in the microfluidic
chamber perfused with a syringe pump

Maintaining tumor biopsy
viability and architecture in vitro
and testing drug responses

260

Cancer
organoids-on-a-chip

Vascularized colon
organoids-on-a-chip

Colon organoids were co-cultured with
self-assembled vascular network under
oscillated perfusion

Modeling the recruitment of
immune cells from vessels and
their infiltration into organoids

261

Mini-colon modeling
colorectal oncogenesis

Spatiotemporal control of tumorigenic
transformation in organoids-on-chip with
mini-colon topology

Recreating key pathophysiological
features of colorectal cancer and
screening tumorigenic factors

262

Pancreatic cancer
organoids-on-a-chip

Organoids were co-cultured with fibroblasts
and macrophages to recapitulate the TME

Testing TME-modulating drugs
on augmenting chemo therapy
efficacy

29

Multi-organs-on-chip
system

Liver cancer and heart
on-a-chip system integrated
with sensors

A breadboard enabling microfluidic routing
via pneumatic valves and individual modules
connected with Teflon tubes

Automated drug screening and
acute toxicity study

263

Cancer-liver–heart
multi-organs system for drug
evaluation

Drugs initially passed over liver then move on
cancer and heart parts

Mimicking the first pass
metabolism of liver and
evaluating drug efficacy and
off-tumor toxicity

264

Multi-organ-on-chip system
linked by vascular flow

Heart, liver, bone and skin tissue niches were
connected by vascular flow through
endothelial barrier

Maintaining viability and
phenotype of multiple organs and
study the PK/PD of cancer drugs

265

Microenvironmental
control integration

Chip model creating
chemokine gradients

Two channels forming a V-shaped structure
and parallel connecting channels in between

Establishing gradients and
investigating effects on cancer
stem cell migration

266

A hypoxic CoC model for
evaluating CAR T cell therapy

A polycarbonate-made cap was inserted on
chip as an oxygen diffusion barrier to create
hypoxic landscape

Investigating the function and
infiltration of CAR T cells in
hypoxia

267

A chip system integrating
programmable flow control

Micropumps transferred fluids between
different wells and created fluid pressure and
flow

Achieving physiologically relevant
flow and studying their effects on
tissue function

268

A lung cancer model with
mechanical cues

Breathing motion in lung was recreated on
chip by vacuum with cyclic strain

Mimicking in vivo physical cues
and dissecting their effects on
tumor growth and drug responses

269

Sensor integration A multi-sensor brain
cancer-on-a-chip

Electrode-based sensors were integrated on
chip to monitor biophysical and biochemical
cues

Real-time and in situ monitoring
oxygen level, pH values, lactate
and glucose

270

Bead-based electrochemical
immunosensor integrated
with liver cancer chip

Electrochemical immunosensor was linked
with the bioreactor and achieved
programmable and automatic operations with
microvalves

In situ and continual monitoring
of biomarkers secreted from the
bioreactor

271

Cytokine secretion
measurement for a brain
tissue chip

Microfluidic ELISA-based digital
immunosensor were integrated below the
tissue barrier

Achieving multiplexed,
ultrasensitive and longitudinal
profiling of secreted cytokines on
chip

272

Chip translation High-throughput plate for
drug response measurement

40 units parallel culture on the plate with
automatic imaging to evaluate barrier integrity

Investigating the exposure time
and concentration responses of
drugs

273

Robotic system enabling
automatic chip operation

Liquid handling robots integrated with mobile
microscope and custom software

Achieving automatic chip culture,
sample transferring and
collecting and in situ imaging

274

Microphysiological system
with inbuilt environmental
control

Environmental chamber with temperature and
inflow control modules

Keeping the system sterile and
maintaining temperature and
CO2 level

275

AI enabled precision
cancer medicine

Deep learning approach
classifying cell trajectory
patterns

Cancer cell trajectories were derived from chip
model and input in pre-trained convolutional
neural network

In vitro evaluation of cancer drug
treatments

276
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chip. Various types of patient samples can be utilized to
develop patient-derived CoC, including but not limited to
tumor resections and biopsies,283 ascites,284 bone marrow
aspirates285 and PDXs.286 For example, primary tumor
biopsies can be mechanically disrupted and chemically
dissociated into single cells, then be loaded into a
microfluidic CoC.287 The platform enabled live and fixed-
cell imaging and phenotypic biomarker quantification and
combined machine-learning for risk stratification of cancer
patients. Another microfluidic platform also adopted
dissociated single cells from tumor biopsies which can
generate more than 1200 data points with 56 different drug
testing conditions.288 A patient-derived mini-colons CoC
model reproduced the complexity in TME with colorectal
cancer PDOs and their autologous CAFs and tumor-
infiltrating lymphocytes (TILs) from colorectal cancer
biopsies, and enabled discovery of CAF-triggered
mechanism that drives cancer invasion and a
comprehensive evaluation of drug effectivity, toxicity and
resistance in anticancer therapies57 (Fig. 5A). Drug testing
results showed the platform can recapitulate the
heterogeneous patient responses and screen potential
combinational therapy regimen for different patients.
Tumor vessel is an important yet often omitted component
during patient-derived model establishment. A study
dissociated kidney cancer tissue samples and isolated
CD31+ endothelial cells to generate tumor-associated vessels
on chip.259 Comparing with normal vessels, tumor-
associated vessels demonstrated higher permeability and
angiogenesis ability. Also, tumor associated vessels showed
patient-specific gene expression profiles on chip. Another
method to establish patient-derived model is to mince or
slice the resected tumors or biopsies into small-sized
fragments and directly culture them in microfluidic CoC.
The on-chip culture of these tumor fragments remains
challenging. Perfusion system to continuously provide
media and remove waste is key in maintaining the viability

of tissue samples on chip. For example, microfluidic
chambers were designed to maintain minced milliliter sized
tissue biopsies, with continuous media perfusion to
recapitulate the in vivo flow and diffusion conditions on
chip.260 Another microfluidic platform cultured sliced
tumor tissue in tissue chambers with integrated perfusion
system and monitoring of the oxygen transport on chip.289

It was demonstrated that this chip system can offer
satisfying oxygenation and maintain higher viability of
tumor samples than conventional well-plate culture.

Nonetheless, there are hurdles to be solved in
developing patient-derived CoC models. First, the access of
patient samples is still limited. Biobanks of cancer patient
samples like National Cancer Institute Patient-Derived
Models Repository (PDMR) are growing and increase the
accessibility of precious patient samples. Besides, since
patient samples are heterogeneous containing various types
of cells, the isolation and in vitro co-culture of different
types of autologous stromal and immune cells on chip with
high viability and in vivo cell function are challenging, let
alone many patients' primary cells do not survive, grow and
loss their original characteristics in vitro, requiring well
optimizations of on chip culture conditions.50 The ultimate
goal of the patient-derived model is to utilize fully
autologous samples without allogenic concerns. One
possible solution is to use patient iPSCs to derive different
autologous niche cells to build the CoC model. In a CoC
model studying CAR T cell therapy, human iPSC-derived
endothelial cells from the same donor were applied on
chip.65 It was demonstrated that comparing with allogenic
endothelial cells, patient iPSC-derived endothelial cells
induced lower level of cytokine secretion, mitigating the
alloreactive responses caused by CAR T cells. In another
chip model, four types of cells representing different organs
have been differentiated from the iPSCs of the same
healthy donor and were integrated in one system.198 Such
concept can be applied to develop fully patient-derived CoC

Table 2 (continued)

Type Model Setup Application Ref.

Chip model aided by deep
learning for immunotherapy
screening

The infiltration images of T cells on the
spheroids-on-a-chip platform were applied in a
clinical data-trained deep learning model

Identifying immunotherapies
enhancing T cell infiltration and
treatment efficacy

277

Machine learning-based tool
for analysis of immune cell
and cancer organoids
interactions

Engineered T cells were co-cultured with
organoids and their behaviors were analyzed
by a machine learning-based tool by means of
imaging and transcriptomics

Characterizing of T cell
behavioral-phenotypic
heterogeneity of cellular
immunotherapies

278

In silico model
combination

Integrating the data from
glioblastoma-on-a-chip model
for in silico simulation

An ODE model was established to depict
tumor and immune cell behaviors and
interactions and calibrated with CoC data

Dissecting the mechanism of
immunotherapy resistance and
testing potential combinational
therapy

279

Computational model of a
spheroids-on-a-chip

Simulating flow and drug transport and
sweeping parameters of the chip with CFD

Accelerating the optimization of
chip design

280

Quantitative PK/PD model
coupling with vascularized
chip

On-chip data were scaled with in vitro–in vivo
transition

Predicting in vivo PK/PD
parameters and aiding the design
of phase-I clinical trial

281
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model as well. Moreover, a study obtained iPSCs from the
skin fibroblasts of different breast cancer patients and
induced them into cardiomyocytes.290 The induced
cardiomyocytes can reproduce the heterogeneous
cardiotoxicity caused by chemo drugs on individual patient
level, and such protocol is promising to be applied on CoC
models.

Cancer organoids-on-a-chip

Cancer PDOs and organ-on-a-chip represent two distinct yet
complementary 3D in vitro models. PDOs can maintain the
original characteristics of the primary tumor with high
fidelity,291,292 however, such models usually lack tumor
vasculature and microenvironmental cues.293 Another

Fig. 5 Strategies to evolve CoC with higher accuracy, analytical ability and translational applications. (A) A patient-derived colorectal cancer (CRC)
chip reproduced in vivo pathophysiology and anatomical structure built with autologous patient cancer cells, CAFs, TILs, and colon mucosa
components including colonocytes (CCs), transit-amplifying cells (TAs) and intestinal stem cells (ISCs). Reproduced from ref. 57 with permission
from Springer Nature, copyright 2024. (B) A vascularization of colon organoids-on-a-chip showed enhanced growth under perfusable culture on
chip comparing with conventional static condition. Reproduced from ref. 261 with permission from Wiley, copyright 2020. (C) A heart and liver
cancer multi-organs-on-chip model built with human iPSC-derived cardiomyocytes and hepatocellular carcinoma cells for investigating the acute
toxicity induced by anti-tumor drugs. Reproduced from ref. 263 with permission from National Academy of Sciences, copyright 2017. (D)
Programmable flow control on CoC chip. Reproduced from ref. 268, CC BY-NC 3.0 (https://creativecommons.org/licenses/by-nc/3.0/). (E) A
multi-sensor integrated chip system with electrode-based O2, pH sensors and lactate and glucose biosensors. Reproduced from ref. 270 with
permission from Royal Society of Chemistry, copyright 2014. (F) A standardized high-throughput microfluidic platform in 384-well plate format
containing 40 units of colorectal cancer tubes for studying drug-induced toxicity on epithelial barriers. Reproduced from ref. 273, CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/). (G) A deep-learning model trained with clinical data and integrated with on-chip readouts to
predict patient survival and identify drug candidates based on T cell infiltration in tumor sites. Reproduced from ref. 277 with permission from the
authors, copyright 2022. (H) An ODE-based computational model calibrated with GBM CoC-derived data depicted the interactions between T cells,
TAMs and GBM cells in TMEs of different GBM subtypes (proneural, classical, mesenchymal) and tested combinational immunotherapies to
enhance treatment efficacy. Reproduced from ref. 279 with permission from Wiley, copyright 2021.
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obstacle is that PDOs usually grow with substantial variability
in size, structural organization, or functional capacity due to
uncontrolled culture and niche factors, raising a major
concern on their robustness. Organ-on-a-chip, on the other
hand, has strengths in these aspects and could be integrated
with organoids model.294 Through synergistic engineering,
cancer organoids-on-a-chip has showed the potential to
become the avatar of patients and excel in precision cancer
medicine.295,296

Vascularized cancer organoids-on-a-chip platform can
build organoids with biomimic vascular network, which is
largely absent in conventional organoids yet essential in
cancer genesis, progression and metastasis.297 CoC model is
moving towards the goal of providing biophysical cues like
flow and perfusion control to organoids with vasculature.55 A
microfluidic platform named IFlowPlate enabled perfusion
and vascularization of colon organoids with a programmable
rocker, and the perfusable vascular network resulted in a
different drug efficacy comparing from static conditions261

(Fig. 5B). Cancer organoids-on-a-chip also enables controlling
the spatial distribution of vasculatures to mimic the mass
transport between PDOs and the arterial end of capillary in
TME.216 Another chip model enhanced the vascularization of
organoids through flow,298 which was further leveraged to
enable immune cells infiltration in the vascularized
organoids.299

Cancer PDOs model, generated from patient tumor
samples and was solely with cancer cells when created
decades ago, requires the inclusion of patient stromal and
immune cells to build a more complete TME.300 Efforts have
been made to establish simplified spheroids-like co-culture
models in well-plates. For example, patient-specific cancer
assembloid model was constituted with cancer organoids and
tumor-isolated TME cells.301 PDOs, stromal cells and
peripheral blood lymphocytes co-culture platforms were used
for enriching tumor-reactive T cells killing302 and studying
tumor–stroma and tumor–immune interactions.303 Moreover,
CoC can aid the integration of TME components with PDOs
for real-time, high-resolution evaluation of cellular dynamics.
Human colorectal cancer organoids,262 colon organoids304 or
intestinal stem cell-revived tube-shaped epithelia
organoids305 have been integrated with in vivo-like cellular
components on chip and applied to study the
spatiotemporally resolved colorectal oncogenesis and the
human gut physiology and pathology for drug safety
assessment. By co-culturing PDOs with stromal cells and
immunes cells on a microfluidic chip with medium flow, a
pancreatic cancer organoids-on-a-chip was proposed to
recapitulate the desmoplastic stromal niche and immune
niche.29 The model was applied to test anti-stroma agents
and its feasibility in drug testing was proved.

Besides including TME cellar components, the innovation
in biomaterials is another a promising solution for improving
the establishment and integration of organoids on chip. For
instance, one current obstacle in culturing immune
organoids in vitro is to maintain their phenotype and

viability, especially for non-epithelial cancers like lymphoma,
an immune cell-related cancer.306 Synthetic hydrogels have
been developed to mimic the lymphoid tissue
microenvironment to enhance the survival of lymphoma
organoids307 and applied in a CoC model.308 Such lymphoma
chip studied immune responses of patients to chemotherapy
and indicated a weakened post-chemotherapy immunity. In
addition, as organoids-on-a-chip models excel in capturing
the morphology and functions of human organs, they can be
leveraged to extrinsically guide the self-organization of
organoids with more physiologically relevant sizes, shapes
and functions. Microfluidic devices have been applied to
increase the dimensional uniformity of organoids by
culturing them in microarrays,309 radial patterns310 and
permeable membranes.311 Similar designs can be utilized by
CoC model to reduce the viability of PDOs as well.

Modeling cancer in a multi-organs-on-chip system

Cancer is considered a “systemic” disease interacting with
multiple organ systems beyond the initial tumor site. By
integrating two or more organs with sophisticated fluid
systems, multi-organs-on-chip systems are suitable to
investigate the interactions across different organs in cancer
and study complex disease mechanisms. For instance, multi-
organs-on-chip can be applied for studying the interactions
between distant organs like liver and brain to assess the
hepatic metabolism-dependent drug cytotoxicity.312 Also,
multi-organs-on-chip could be engineered with integrated
control and sensing modules to capture and control the
biological cues. For example, a fully integrated liver cancer
and heart chip integrated with modular physical,
biochemical, and optical sensing components was developed
to operate the chip units in a continual dynamic and
automatic manner, and was used for automated drug
screening263 (Fig. 5C). A heart-breast CoC platform integrated
with immune-aptasensor was developed to monitor cell-
secreted biomarkers from organ interactions.313 Multi-
organs-on-chip CoC platform can offer a comprehensive
evaluation of drug effects on multiple organs and compound
bioactivation and efficacy for pharmacokinetic (PK) and
pharmacodynamic (PD) profiles in concurrent organs, which
leads to the determination of efficacy and off-target toxicity
anti-cancer therapeutics in a one-stop system.264,281,314 A
comprehensive human-on-a-chip system contained heart,
liver, bone, and skin compartments connected by a biomimic
vascular system, and can accurately represent the overall
physiological interactions in human body when treated with
various cancer therapies.265 This allowed independent organ
function, and each tissue was cultured in its environment
from the common vascular flow by a permeable endothelial
barrier. Such multi-organ system can maintain organ-specific
molecular, structural, and functional phenotypes and showed
PK/PD, and cardiotoxicity of anticancer drugs.

Multi-organs-on-chip can investigate important adverse
events of chemotherapy including hepatotoxicity and
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cardiotoxicity.315–317 By culturing tumor and liver
microtissues in different chambers of a multi-organs-on-chip
CoC platform, the drug-induced hepatoxicity and anti-tumor
bioactivity can be determined simultaneously by measuring
the cell viabilities.318 More importantly, the metabolism of
anti-tumor prodrug can be simulated through liver
components.319–322 On-chip models enable characterizing
chemotherapy-caused cardiotoxicity by measuring heart cell
functions like beat frequency323 or heart cell damages.324

Immune organs like bone marrow, lymph node and spleen
can be integrated on multi-organs-on-chip system to
recapitulate the complex immune responses and functions in
cancer pathophysiology. As immune responses are
systematic, incorporating different immune organs,
recapitulating key functions and anatomical structure of
primary and secondary immune organs on chip will provide
a more biomimic immune microenvironment for modeling
the interactions among different compartments.325–328 A
tumor and lymph node on-a-chip model built with slices of
tumor and lymph node tissue samples recapitulated the two-
way communications between them under continuous
recirculating flow.329 The on-chip results showed tumor-
educated lymph node exhibited higher immunosuppression
than in healthy tissue-cocultured lymph node. Moreover,
spleen-derived cells with immune deficiency were applied on
CoC models to investigate spleen–tumor crosstalk.330 It was
demonstrated that immunodeficient spleen cells cannot exert
strong immunosurveillance and that cancer cells showed
aggressive invasion and poor interaction with spleen cells.

Modeling different organs in a single system is a long-
cherished wish, yet facing several challenges. Multi-organs-
on-chip systems are more complex than their single-organ
chip counterparts, it is challenging to maintain the viability
and function of different organs in one chip considering that
they require different culture conditions. These systems also
require intricate designs, physiological connections between
organs, and sophisticated fluid control mechanisms that
control the distribution of fluidics across multiple organ
compartments. Additionally, creation of biomimic circulation
system and blood substitutes remain a major hurdle for
developing multi-organ on-chips human microphysiological
systems. To mitigate this issue, researchers should try to
balance the complexity, physiological accuracy, and reliability
of these multi-organ on-chip models.329,331 Instead of
creating overly complex models, a practical approach is to
design systems that focus on organ functions and inter-organ
crosstalk essential to a specific problem of interest in cancer.
Despite these challenges, the ability of multi-organs-on-chip
systems to mimic systemic interactions between organs
presents an opportunity for cancer research and drug testing
that alternative in vitro models are unable to offer.

Microenvironmental control integration

Microenvironmental cues such as chemical gradients, pH
values, oxygen concentration, mechanical cues including

fluidic flow and force, can contributing to tumor
angiogenesis, invasion, progression, metastasis and
resistance to therapies and are important factors to be
considered in cancer modeling.332–340 Upgrading CoC
platforms with microfluidics-based microenvironmental
control functions could enable establishing a biomimic TME
with more physiological relevance to in vivo conditions. CoC
can provide precise spatiotemporal control of gradient-
induced chemotaxis and aberrant pH values with customized
design. For example, a V-shaped microfluidic chip with
channels connecting the two sides can create natural
gradient and study effect of chemical gradients on cancer
stem cell migration.266 Bifurcated microfluidic device
mimicked culture conditions of different pH values for direct
comparison of cancer cell proliferation and aggressiveness.341

To tune oxygen level in CoC, one straightforward way is to
culture chips in a hypoxia chamber.239,342 Another approach
is to provide mixed gas into the device and control the
oxygen concentration dissolved in culture media.343,344 In
another approach, chemicals can be infused in side channels
to enable reactions generating or scavenging oxygens.345,346

Such model has validated the hypoxia-induced cytotoxicity of
cancer drugs.347 Moreover, by embedding a membrane with
low oxygen permeability in the chip to block oxygen
diffusion, oxygen gradient can also be established.348,349 A
polycarbonate-made hypoxia cap was inserted in a CoC
model to investigate how hypoxia spatially and temporally
modulate CAR T cell functions.267 Besides, customized
hydrogels capable of generating oxygen gradients and
modeling hypoxia have been developed and are promising to
be integrated with CoC model in the future.350,351

CoC can control flow to reproduce the in vivo fluidic
dynamics like blood flow and aberrant interstitial fluid flow.
Peristaltic and syringe pumps were applied to control the
perfusion on CoC.275,352 Pneumatic micropumps were
integrated with high-throughput microfluidic system
enabling individually managing fluid levels of each unit and
generating different flow regimes: perfusion flow or high
shear stress flow to model different in vivo conditions
(Fig. 5D).268 Pumpless and gravity-driven rocker platform is
another approach to control on-chip perfusion by creating
reciprocating flow between the pairs of reservoirs.353

Comparing with pump-based systems, it requires much less
space and avoids complex connections and air bubble
formation problems, thus it is especially compatible with
culturing in CO2 incubators or testing in high-
throughput.273,354 Mechanical cues like cyclic stretching force
can be applied through vacuum pump system355 in CoC,
mimicking breathing motions in lung cancer269 and
peristalsis in colorectal cancer.356 Similarly, another CoC
model investigated the behavior of normal fibroblasts under
mechanical stretching and found their enhanced ability to
mediate cancer cell migration and similar phenotypes with
CAFs.357

Despite CoC has successfully integrated different types of
control modules, the scope of current models is often limited
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to controlling single microenvironmental cue on a single
cancer chip unit. A multi-functional system integrated with
interchangeable microenvironmental control modules in one
chip is highly demanded, enabling a more accurate modeling
of the in vivo pathophysiological processes in the TME for
precision medicine applications. For example, a platform was
demonstrated to integrate fluid flow control, oxygen sensing
and tissue resistance measurement in one system.268 In
addition, future development of a scale-up system with
automatic control functions over an array of cancer chip units
will allow a high-throughput of personalized therapy screening.

Sensor integration for in situ and real-time measurement

The integration of in situ and real-time sensors in CoC
platforms is crucial for comprehensive study of TME and
therapy screening. Traditional static assays, relying on
endpoint measurements, often fail to capture the nuanced
temporal and spatial variations within the TME, leading to
missed insights into transient cellular interactions, signaling
cascades, and metabolic shifts. In situ and real-time sensors
address these challenges by providing continuous, localized
measurements that reveal rapid changes within the TME. For
example, in situ cytokine sensing could uncover spatially-
resolved data, such as localized inflammation levels or
regions of immunosuppression, which cannot be obtained
through conventional endpoint or supernatant-based
enzyme-linked immunosorbent assay (ELISA) assays. This
capability is also beneficial for the application of CoC in
precision cancer medicine, where integrated sensors allow
for continuous monitoring of cellular and molecular
responses to various drugs, providing immediate feedback.

Label-free biosensing methods provide real-time, in situ
monitoring of biomolecular interactions in CoC.
For example, fluorescent ruthenium or platinum
octaethylporphyrin (PtOEP) dye, which can be quenched by
oxygen, were coated on film and inserted in the media flow
on chip as real-time oxygen sensor.358–360 Cytochrome,
derived from hepatoma cells, can be monitored on chip
through the enzymatic conversion mediated by cytochrome
to convert substrate ethoxyresorufin into fluorescent product
resorufin.361 Label-free electrophysiological biosensors detect
biomolecular interactions by monitoring electrical property
changes such as current, voltage, or impedance arising from
interactions at the sensor surface. Electrodes were patterned
on the top and bottom of a lung cancer chip to achieve
transepithelial electrical resistance (TEER) measurement. The
TEER sensor accessed the integrity of cancer cell barrier
indicating the toxicity of chemo drugs.362 Electrochemical
sensors can be integrated into the CoC to continuously track
important biomarkers, including cytokines, metabolites, and
immune checkpoint molecules.42,363,364 Electrodes were
functionalized with oxidase enzymes and integrated on the
chip to real-time monitoring lactate and glucose by
measuring current readouts.365 Thin-film platinum or
iridium oxide electrodes were applied to monitor oxygen level

and pH values, and together with electrode-based lactate and
glucose biosensors, were integrated on brain cancer chip to
achieve a multi-sensor microsystem270 (Fig. 5E). Moreover,
microelectrode arrays of cantilever shape can be applied to
monitor the contractility of cells.366 A significant recent
breakthrough is the development of modular, regeneratable
electrochemical sensors that support repeated use,
continuous biomarker tracking, essential for applications
requiring durable and high temporal resolution.367

Pendulum-type sensors represent a novel approach for real-
time, drift-resistant electrochemical sensing.368,369 These
sensors utilize a DNA-based or aptamer-based “pendulum”

that moves in response to an electric field, providing real-
time data on binding interactions via rapid current decay
changes. Optical biosensors, particularly surface plasmon
resonance (SPR) and localized surface plasmon resonance
(LSPR) technologies, are among the most sensitive label-free
tools for real-time molecular detection in CoC. These
methods detect refractive index changes near the sensor
surface, which occur due to biomolecular interactions. SPR
and LSPR technologies are particularly advantageous for
studying interactions like PD-1/PD-L1 binding in the TME,
monitoring tumor-derived exosomes370 and cytokine
release,371 and mapping single-cell secretion profiles.372,373 A
recent advancement involves LSPR-based microwell arrays
with nanohole substrates that allow the spatiotemporal
mapping of cytokine secretion from individual cells.374

Multiplexed LSPR microarrays, plasmon rulers using
patterned nanostructures offer simultaneous detection of
multiple cytokines in complex samples.375–378 One example
employs Fe3O4/Au core-shell nanoparticles patterned in an
array for real-time, in situ monitoring of key signaling
molecules, which are vital for studying immune responses
and drug efficacy in CoC models.379 Recent research also
integrated a LSPR-based digital nanoplasmonic microarray
immunosensor to monitor in situ cytokine profiles on-chip in
a biomimetic leukemia-on-a-chip TME model during CAR T
cell therapy.380

Unlike label-free technologies, microfluidic ELISA and
protein microarrays do not provide continuous or real-time
monitoring; however, they offer a cost-effective, highly
sensitive, and high-throughput solution for detecting
cytokines, growth factors, and other soluble proteins in
TME at a specific end-point. These methods are ideal for
applications where high spatial resolution, high sensitivity
and specificity, and multiplexed analysis are prioritized over
real-time monitoring. High temporal resolution is also
possible by running multiple integrated sensing chips in
parallel at different time point. By leveraging microfluidics,
these platforms achieve significant reductions in reagent
volume and analysis time, making them particularly
valuable for in situ protein detection within CoC. A reusable
immunosensor has been linked with a chip system and
used disposable magnetic microbeads to capture and
measure the secreted biomarkers from hepatocytes on
chip.271 Recent advancements in single-molecule detection
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techniques,381 integrated with microfluidic systems,382 have
pushed the sensitivity and multiplexing capabilities of
microfluidic ELISA and protein microarrays even further. As
an example, the DigiTACK platform integrates digital
immunosensors into a tissue chip for in situ, multiplexed
cytokine detection, achieving fg mL−1 sensitivity and
supporting longitudinal cytokine profiling for inflammatory
studies.272,383 For high spatial resolution imaging, a plasmon-
enhanced multiplexed FluoroDOT assay was developed to
enable the visualization of single-cell protein secretions with
spatially resolved digital resolution.384 Techniques such as
tyramide signal amplification (TSA)385,386 and rolling circle
amplification (RCA)387 have demonstrated superior sensitivity
by amplifying detection signals at the molecular level,
allowing for precise quantification of low-abundance
biomarkers. These amplification approaches, coupled with
microfluidic integration, enable highly multiplexed, ultra-
sensitive in situ detection, making them invaluable for
complex TME studies where both high sensitivity and spatial
specificity are critical.

In situ multi-omics technologies are advancing our ability
to study cellular interactions and molecular networks within
the TME by enabling simultaneous analysis of multiple omics
layers—such as transcriptomics, proteomics, and
epigenomics—at single-cell resolution.388 By preserving
spatial context and capturing multi-layered data from the
same cells, these approaches provide a detailed
understanding of the functional heterogeneity, regulatory
mechanisms, and microenvironmental influences that drive
cancer progression and immune responses in TME-
mimicking CoC. For transcriptomics, in situ hybridization
and sequencing techniques, particularly MERFISH
(multiplexed error-robust fluorescence in situ hybridization),
offer high-resolution spatial transcriptomic data by labeling
individual mRNA molecules across thousands of genes in
single cells.389 MERFISH is highly suitable for cancer chip
applications, as it allows spatially resolved, multiplexed
detection of gene expression within 3D thick tissues.390 For
2D multi-omics, techniques like spatial-CITE-seq391 and
DBiT-seq392,393 integrate transcriptomics and proteomics in
situ, allowing researchers to spatially map mRNA and protein
expression patterns within TME regions. In CoC, these
methods can reveal how gene and protein expression vary
with location, shedding light on cell–cell interactions and
how environmental factors contribute to immune
suppression or tumor growth dynamics. Integrating
transcriptomics with epigenetic assays like spatial-ATAC-
seq394 provides insights into chromatin accessibility and
epigenetic regulation within specific TME regions. This is
especially valuable in CoC that seek to study tumor cell
plasticity, immune evasion, and how chromatin states
respond to drug treatments within a microfluidic setup.
While multi-omic approaches provide comprehensive
snapshots of the TME, they are costly and impractical for
regular use, serving more as supplementary tools than
primary monitoring solutions.

In situ and real-time sensing technologies within CoC offer
significant potential for advancing our understanding of the
TME. For effective translation into precision medicine, CoC
should prioritize sensors that deliver high-quality,
meaningful data relevant to clinical decision-making, such as
immune response, therapeutic efficacy, and key biomarker
levels. While researchers frequently seek higher
spatiotemporal resolution, a fundamental challenge lies in
balancing this with the need for comprehensive profiling,
such as multi-omic studies, versus the requirement for real-
time, continuous monitoring, while maintaining a clinically
actionable perspective. For instance, label-free biosensing
excels at continuous, real-time monitoring but is often
limited in sensitivity and specificity, especially when
multiplexed. The future direction for label-free technologies,
therefore, could prioritize the development of self-
regenerative biosensors to enable long-term, continuous
monitoring. Such sensors could revolutionize CoC
applications by providing uninterrupted data on dynamic
TME processes over extended periods, essential for
understanding tumor progression and treatment responses.
Meanwhile, improving sensitivity, specificity, and resistance
to environmental interferences and bio-fouling are crucial for
advancing label-free sensors. Innovations such as
nanostructured surfaces and anti-fouling coatings could
enhance sensor longevity and data accuracy, particularly for
electrochemical biosensors, where fouling reduces signal
reliability. On the other hand, for sensors aimed at capturing
comprehensive high-content data (e.g., single-molecule
counting), seamless integration within CoC for in situ
localized measurements remains challenging compared to
conventional supernatant-based assays, due to the need for
multi-step labeling. Another major opportunity lies in
developing multi-modal platforms that integrate mechanical,
chemical, and environmental sensors into a single CoC
platform. A high-throughput organ-on-a-chip platform
supported the culture of different tissues like liver,
vasculature, gut and kidney, integrated pneumatic
micropumps for programmable and physiologically relevant
fluid control, TEER sensor for barrier function monitoring,
and the optical luminescence-based oxygen sensor for drug
development workflows, increasing the predictability of drug
screening.268 The chip was constructed with an industry
standard plate-based platform included 96 independent units
and was compatible with high-throughput data collection
tools like high content imaging system and enables the
extraction of samples for RNA-seq. Such platforms could
detect shifts in TME properties across multiple parameters,
offering a holistic view that surpasses single-sensor setups.

Translation of CoC technology toward real-world applications
in pharmaceutical development and precision cancer
medicine in clinical settings

Despite the great potential of CoC platforms for improving
the drug development pipeline, the current bottlenecks are
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the low throughput and reproducibility in chip fabrication
and biological analyses. Future translation of CoC for real
preclinical and clinical studies requires standardizations in
chip design, materials, fabrication methods and operation
that are compatible with standard biological experiments and
workflows in industry.395 Polydimethylsiloxane (PDMS) based
microfluidic chip design and soft-lithography fabrication are
most commonly used in current CoC models.152 The major
flaw of the PDMS-based soft lithography fabrication method
is of low throughput and reproducibility due to extensive
manual labor and batch variance, limiting its large-scale
production of chips for clinical use. PDMS is often chosen
for its optical quality, permeability, and low cost, but it has
been found to absorb small molecules and leach uncured
oligomers that can have effects on the cell culture.396,397

Therefore, materials such as polyurethane, styrene–ethylene–
butylene–styrene (SEBS) elastomers, and other thermoplastics
have been used as alternatives to PDMS, alongside
manufacturing methods like micromilling and 3D
bioprinting instead of soft lithography.398–402 Poly(methyl
methacrylate) (PMMA), processed with laser cutting or
milling machine, was utilized to create high-throughput drug
screening and microtissue culture platforms compatible with
microscopy275,403,404 and demonstrated superior drug
cytotoxicity testing results comparing with PDMS due to their
low absorbance to small molecules.405 Poly(ethylene) glycol
diacrylate (PEGDA) hydrogel was used to build high-
throughput brain cancer chip for drug screening,406 which
demonstrates less nonspecific adsorption than PDMS.407

Thus, proper materials and a scalable chip fabrication
method should be standardized to enable practical
applications of CoC platforms. Another promising fabrication
method can be adopted on CoC is 3D bioprinting, an additive
manufacturing technology to establish complex TME in
anatomic size with programmable and precise spatial control,
faithfully recapitulating the original tumor structure and
biophysiological properties.408 3D bioprinting of tumor tissue
can be directly written in a microfluidic device, or the tumor
tissue can be firstly bioprinted off-chip then assembled with
the device.409 For example, a CoC model first printed silicon
ink to form the chamber wall, then bioprinted the
vasculature ring and the center cancer area, establishing a
concentric-ring structure.410 The 3D bioprinted chip
maintained the radial oxygen gradient and the tumor
structures and characteristics like tumor invasion and
hyperplasia of vessels. In another CoC model, hepatoma cell
clusters were 3D bioprinted with controlled size and perfused
into the microfluidic channel. 3D printing is also a
compelling approach to directly fabricate microfluidic devices
by providing rapid design iteration and prototyping
capabilities. Ideally, both the microfluidic device and tumor
tissue can be 3D printed through a single-step biofabrication
approach combining the tissue bioprinting and 3D-
printed.411

Moreover, a complementary high-throughput analysis
platform becomes essential, allowing compatibility with

standard experiments and seamless integration with
laboratory automation to efficiently process and analyze the
larger volume of data produced, which further cascades into
higher reproducibility and standardization. To optimize
benchtop research into elegant, commercially-ready and cost-
effective commercial products, the lab developed chips need
to be redesigned into multi-well plate based high-throughput
platforms and established with industrial grade high-volume
manufacturing process. To enable high-throughput function,
384-well plate based261 and 96-well plate based78 platform
could aim the compatibility with standard equipment, scale-
up fabrication method, and integration with multi-plex
microfluidic microenvironmental controls and automations.
For example, the commercial organ-on-a-chip product
OrganoPlate® developed by MIMETAS has achieved high-
throughput fabrication and significant improvements in
experimental capacity.412 The microfluidic structures on the
plate were made of glass and polymers with biocompatibility
and low-compound-absorbance. The bottom of the platform
was made of optical quality think glass makes the platform
compatible with high-resolution confocal microscope.
Meniscus and step-wise shaped barriers were designed to
create a stable liquid–air interface separating different
chambers on the platform and largely lower the fabrication
difficulty and cost.413–415 Such platform has been applied to
evaluate tumor invasion and intravasation,416 study drug-
induced epithelial barrier dysfunction,273 and test chemo and
targeted drugs.417–419 40 colorectal cancer models were
established on the platform by forming tubes with by
cancerous epithelial cells and perfusing controllable flows273

(Fig. 5F). The model was applied to investigate drug-induced
epithelial barrier dysfunction. Integrating the OrganoPlate®,
MIMETAS proposed a OrganoCore® Discovery Platform to
provide oncology service including cell sourcing and
establishing automatic and high-throughput model of
different cancer types.420 The service platform also enables
robustly characterizing immune cells migration (e.g., CAR T
cells), inflammation, cell viability, gene expression, etc. and
predicting therapy responses. Another commercial high-
throughput microfluidic organ-on-a-chip plate, idenTx, uses
cyclic olefin co-polymers and polymethylpentene fabricated
through injection molding.421 The thermoplastic idenTx plate
makes it easy to create 3D microphysiological systems for
various biology and drug discovery researches, especially for
3D culture of tumor, angiogenesis, and immuno-oncology
studies.

To enable automatic and high-throughput chip operation,
the development and integration of auxiliary equipment and
modules are essential, including but not limited to high-
content imaging system, liquid handler, automated CO2

incubator, automated microfluidic cartridge storage and
movement and control and analysis software. For example, a
robotic platform deployed liquid handler to transfer blood
substitute culture medium through different types of
vascularized organ chips to achieve fluidic linking mimicking
the coupling through different organs.274 Besides, external
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environmental chamber can accommodate the chip system
for keeping a sterile environment and maintaining
appropriate temperature and CO2 concentration,275 while
storage rack and robot arm can be installed in the chamber
enabling automatic plate storage and transfer.422 Emulate
Inc. has developed a comprehensive solution with multiple
modules for chip experiments automation.423 The system
includes the customized cartridge to house chips, an
automatic culture module with flow and cyclic stretching
force control, and a supporting module providing gas,
vacuum and power. In addition to hardware, customized
software enables the users to monitor and change their
experiment settings. The future of the auxiliary equipment
and modules integrated on chip might be focused on
increasing the reliability and compatibility. Also, current
schemes mainly concentrate on the pathophysiological
processes on the chip, however, other important processes in
the whole workflow, including gel loading and downstream
analysis like RNA and DNA extracting, should be improved
with automation and high-throughput function as well.

Although the translation of CoC into clinical settings is
promising and can be hugely rewarded, it is still in early-
stage and facing practical challenges and ethical concerns.
Previous efforts have been made on translation of different
types of in vitro models for clinical utilities like predicting
patient-specific treatment respones291,424,425 and some have
been incorporated in clinical trials to optimize decision-
making.426 For example, organoids were established from
cancer patients recruited in phase 1/2 clinical trials and their
responses to anticancer treatments were compared with
clinical responses, validating that in vitro model can
reproduce tumor heterogeneity and recapitulate clinical
scenarios with high sensitivity and specificity.427 Micro-
organospheres can be generated with microfluidics from low-
volume patient tissue retaining stromal and immune cells
and rapidly access tumor drug responses in 2 weeks, timely
aiding guiding clinical decisions with prospective clinical
study.428 To make the CoC more adaptable in real-world
clinical settings, firstly, the throughput and reproducibility
of CoC should be increased with high standardization.
Besides, most of current in vitro models require several
weeks even months from preparing patient sample to
getting experimental results, largely compromised their
timeliness and lower the enthusiasm in clinics. Therefore, a
rapid and standard process to acquire patient sample and
establish patient niches on CoC is required. Moreover, the
criteria on how to evaluate on-chip testing results and
compare them with clinical responses still need rigorous
validations. A clear scientific standard agreed by clinicians
would fill the gap between CoC testing and clinical
applications. Finally, unlike animal models or human
subjects, the regulatory standard for in vitro models like
CoC is immature.19 Since CoC can be a tool for conducting
parallel clinical trials, ethical issues like informed consent,
risk/benefit ratio evaluation should be considered and
discussed by experts of different fields.

Artificial intelligence (AI) enabled precision cancer medicine
on chip

With recent advances in AI, machine learning, and the
computing power of graphics processing units (GPUs), the
integration of AI into CoC systems hold enormous potential
for high-throughput systems to accelerate anticancer drug
development and to enhance precision cancer medicine.429

In particular, deep learning, a subfield of machine learning,
has been revolutionary for the medical field. Several different
types of deep learning models such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) have
been used in medical imaging and diagnosis due to their
ability to quickly and accurately identify features of cells and
make accurate predictions using images and videos.430–433

Given the widespread use of deep learning algorithms in
current medical research, CoC systems will likely include
deep learning models to greatly improve diagnostic accuracy
and increase the total throughput of the system.

Deep learning has been previously integrated into CoC
systems to evaluate the effectiveness of immunotherapy
treatments by providing real-time cell morphology434 and
trajectory data276 and by quantifying the interactions
between tumors and immune cells.435 More recently
though, deep learning has also been applied to high-
throughput drug screening pipelines. A deep learning
model has been trained on recognizing infiltration
patterns of TILs in pathology images of solid tumors and
correlated them to patient survival data.277 The deep
learning model was then able to assign a TIL score based
on infiltration patterns which described the efficacy of a
specific anticancer treatment. Applying the deep learning
model to the automated microfluidic system to screen a
drug library of compounds, drugs that enhance T cell
infiltration can be quickly identified, demonstrating the
potential of deep learning in drug screening for precision
medicine (Fig. 5G). In addition to drug screening,
methods to model and understand T cell-tumor dynamics
in patient-derived tumors on a mass scale are crucial for
tailoring treatment to specific patients. Hence, a machine
learning-based tool named BEHAV3D was developed
enabling rapid analysis of T cell responses by
classification of distinct T cell behaviors.278 Combining
such pipeline with other omics techniques could provide
a more complete characterization of the specific T cell-
tumor response and optimize personalized immunotherapy
treatments. Moreover, deep learning integrated into CoC
systems is not only limited to analysis of the T cell
immune response or immunotherapy treatments, it may
also classify tumors into distinct subtypes, allowing for
high-throughput, precise diagnoses and targeted
treatments to certain subtypes of tumors. A deep learning
model named ATMQcD was developed implementing
multiple object tracking, cell segmentation, automated
training set generation.436 It was combined with the
microfluidic system to measure cellular deformability and
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classify tumor cells based on predicted invasiveness. The
deep learning model was able to predict tumor
invasiveness with remarkable accuracy and demonstrated
the immense potential of deep learning on CoC systems
to enable low-cost, rapid methods of tumor classification
and subsequent tailed treatment to those subtypes.

Along with recent adoption of AI into CoC devices by
some pharmaceutical companies294 and 2024 Nobel prizes
being awarded to machine learning-based approaches to
research in physics and chemistry, it is clear that the future
of research in CoC applications will include deep learning
and AI. For instance, MIMETAS is running a large scale on-
chip screening of over 1000 drug compounds, integrated
machine learning to process the imaging data collected
from the drug screening.437 Similarly, Quris which recently
acquired Nortis, an organ-on-a-chip company, is researching
applications of AI in organ-on-a-chip systems to
automatically generate a massive dataset from patient-on-a-
chip data and then train a machine learning model that
accurately predicts drug safety and efficacy before clinical
trials.438 Future research integrating deep learning into CoC
systems will likely be in a variety of topics from improved
cell tracking to improved tumor modeling and even to AI-
based drug screening and precision cancer medicine. With
improved cell segmentation and cell tracking capability,
future deep learning models will likely be able to identify
more features relevant to tumor invasiveness and
metastasis. While current deep learning models for image
processing have been applied to whole cell tracking,
organelle tracking may be a worthwhile endeavor for CoC
devices. For example, lipid droplets have been identified to
play an important role in cancer progression.439 Deep
learning-based tracking and analysis of lipid droplets
proposed on CoC devices show the potential of organelle
tracking in high-throughput systems for cancer
screening.440 Furthermore, deep learning models have been
used to predict cancer drug responses and is currently a
rapidly advancing field which when integrated into
microfluidic systems may offer an even faster high-
throughput method to select and only test the drugs that
are relevant to specific patients.441 Such systems could be
further enhanced by integrating other forms of data that
may be relevant such as multiple omics data.442 In a
similar manner, while current CoC systems are able to
replicate tissues from a singular organ, tumor treatments
must also take into account that a cancer treatment for
one organ may be detrimental to the health of another.
Future body-on-a-chip systems may integrate deep learning
to evaluate and model the entire, fully-connected system in
real-time, enabling personalized, whole-body analysis of
immunotherapy drugs.443 Overall, although current CoC
have yet to be fully adopted for diagnostic and prediction
purposes, further research into applications of deep
learning and AI into CoC as well as improvements to
efficiency and accuracy will inevitably propel the field closer
to full application in precision medicine.

Combining in silico and in vitro on-chip modeling

CoC models can provide a large amount of valuable data for
cancer research. However, the pathophysiological processes
in TME are complex, involving various cellular and molecular
interactions during cancer progression and treatment. It is a
challenge to interpret these multi-dimensional experimental
readouts measured by different experimental approaches
from clinical studies and in vitro models for better
understanding the cancer biology. By harnessing data both
from clinical studies and cancer chip models, in silico
modeling or patient-specific ‘digital twins’ of TME can serve
as powerful precision medicine tools to enable high-
throughput yet low-cost virtual experimentation or even
virtual clinical trials, aiding for cancer mechanism study,
drug screening and treatment response prediction.444–446

Computational models can provide quantitative tools to
aid mechanistic study and therapy testing on chips by
simulate the complex physiological processes in TME. Many
biological processes in cancer can be modeled
mathematically by using differential equations. Ordinary
differential equation (ODE)-based computational models
build mathematical frameworks to simulate and analyze key
pathophysiological processes of tumor and
microenvironmental cells, such as cell growth, death,
migration, differentiation, and interaction kinetics, as well as
signaling pathway network, metabolic functions, molecular,
genetic and epigenetic changes in the TME in response to
different factors like treatment interventions. For instance,
an ODE-based in silico model was established for modeling
glioma TME involving multiple types of cells, cytokines and
signaling pathways.447 A microglia depletion therapy was
applied in silico and early treated patients demonstrated
significant benefits while it was not the case for late treated
patients. Another ODE model quantified the dynamic
interconversion between chemo drug sensitive and resistance
cell populations, and validated that transition of cell
phenotypes instead of selection of resistant cells might play a
more important role in chemotherapy resistance.448 ODE
models are especially suitable for model cellular therapies
like CAR T cell therapy as they can simulate the dynamics of
effector and target cells.449 An ODE model parametrized anti-
CD19 CAR T cell functions like activation and proliferation
and correlate them with the various clinical responses of
leukemia patients.450 After calibrating with clinical data, the
model enabled predicting potential patient responses
including remission, resistance and relapse, based on the
early stagy CAR T cell dynamics during treatment. Another
model proposed the maximum naïve CAR T cell
concentrations/baseline tumor burden ratio as a predictor for
patient survival and determine the cut-off value enabling
optimal predictive capability based on patient data.451

Besides, cytokine release syndrome (CRS), a lethal adverse
event during CAR T cell therapy, can be modeled with ODE
framework. An ODE model depicted the secretion of a series
of cytokines by CAR T cells and monocytes and established
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an interactive network of cytokines including self-feedback
and induced-responses from other kinds of cytokines.452 This
CRS model also validated that periodic switching and
conditionally triggered CAR T cell products can mitigate CRS
and maintain anti-tumor efficacy. When applying ODE
models for cancer mechanism study and therapy response
prediction, one of the largest hurdles is the lack of access to
sufficient and standard-formatted clinical data. Data
obtained from patient-derived chips could be ideal
complements, as CoC models built with autologous patient
samples have the potential to conduct “clinical trial-on-a-
chip” study to reproduce patient responses in vitro with high
fidelity, which is especially necessary and valuable for rare
diseases.453–457 In turn, computational ODE models could
provide more arsenals to analyze and validate on-chip results
and inspire the development of treatment regimen tested on
chip.80

Computational ODE models can make use of CoC-derived
readouts to investigate cancer biological mechanisms, in
particular, to study the dynamics of treatment response and
the emergence of resistance, and to suggest more effective
and personalized anticancer treatment. A recent ODE model
were calibrated with a GBM CoC measured data like tumor
cell growth and apoptosis, T cell activation rate and cytotoxic
efficiency, TAM abundance and immunosuppression level,
and were applied for ICI immunotherapy screening279

(Fig. 5H). Another ODE model depicted the interactions
between cancer cells and oxygen concentration and the cell
migrations driven by hypoxia in a GBM CoC model.458 The
model reproduced on-chip experiments and analyzed how
parameters like cell initial density can affect the formation of
the necrotic core in tumor. Computational fluid dynamics
(CFD) modeling based on the governing equations of fluid
mechanics, can simulate the physiologically relevant tumor
fluid flows,459 oxygen diffusion and transport of anti-tumor
drugs in microfluidic cancer chips.460 CFD models enable
large parameter space sweeping to simulate vast flow
conditions to optimize chip parameters,280 improve on-chip
cell culture and trapping,461,462 help identifying determinant
factors affecting therapeutic outcomes463 and optimizing
combination therapy with CoC systems.464

Usually established with ODEs, PK model depicted the
change of drug concentration with time and PD model
depicted the relationship between drug efficacy and
concentration, which are high useful in drug development
and applications.465 CoC is a good fit for PK/PD modeling
and can be coupled with mechanism-based computational
model to provide quantitative PK/PD parameters, which
cannot be easily obtained through conventional
models.466–470 For example, multi-organs-on-a-chip system
including liver part for metabolism and cancer part for drug
targeting was applied to estimate unknown parameters in
PK/PD model.471 To understand the PK of drug–drug
interactions (DDI), on-chip and computational PK/PD model
simulated results were compared to validate the combination
of organ-on-a-chip and in silico model is an effective way for

DDI prediction and study. Computational model is also
required in the in vitro–in vivo translation (IVIVT) of the on-
chip results to in vivo physiology, which is key for the
translation of CoC into real-world applications. To achieve
this, CoC model with accessible and reliable readouts of drug
concentration from on-chip modules such as arteriovenous
reservoir was established.274 With the data obtained from the
CoC system, physiologically based PK model can be created
to scale data and conduct quantitative IVIVT, and the model
should be further validated to predict the PK/PD parameters
matching the previously reported patient data.281 Despite the
power of integrating mechanistic model with CoC for
precision medicine, there are challenges to be solved. First,
for PK/PD application, to correlate the on-chip results with
in vivo measurements, scaling strategy of the computational
model is essential.468,472 As PK/PD models are mostly
combined with multi-organ chip model for applications, a
multi-organ system with reliable design and high biomimicry
is required.

Concluding remarks

A great need hasn't been met on developing reliable cancer
models for cancer preclinical studies and precision medicine.
The 3R principles (i.e., replacement, reduction, and
refinement) also call for in vitro model alternatives reducing
ethical concerns related to animal use.473 The cutting-edge
CoC technology represents a significant paradigm shift in
cancer research, because it allows researchers to study
complex tumor biology and drug responses in a highly
controlled, 3D environment that closely mimics the TME,
providing a more accurate and relevant alternative to
traditional animal models for disease modeling and drug
screening. Despite remarkable achievements have been made
on utilizing CoC for TME modeling and therapy testing, most
of the models are still proof-of-concepts, demonstrating that
there are gaps between scientific research and real-world
applications. Applying patient-derived samples on CoC would
make the “avatar” of specific patient possible, a premise to
achieve a “clinical trials on a chip” study, thus holds a great
translational potential for personalized medicine and
improved pharmaceutical development strategies for cancer.
Integrated CoC systems incorporated with cancer organoids,
multiple organs, microenvironmental control and in situ
sensing modules will enable a more comprehensive and
multidimensional testing for different clinical scenarios and
pharmaceutical industry applications. By increasing the
standardization level, throughput and timeliness of the
model as well as setting up standards and reaching a
consensus with clinicians, the bottleneck on the translation
of CoC is expected to be solved. Harnessing advanced
analytical methodologies, including AI tools and
computational models, will further unleash the potential in
the rich readouts from the CoC to generate a smart system.
We envision that as the CoC technology continuously evolves,
it holds a great potential to revolutionize the precision cancer
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medicine, ultimately leading to the development of more
effective and safer treatments for cancer patients.
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