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Traditional microfluidic chips for single-cell mechanical characterization face challenges such as cell
aggregation and low throughput, limiting their clinical applicability. While fluid-driven methods such as
constricted extrusion, pipette aspiration, and shear-induced or stretch-induced deformation have
demonstrated laboratory success, they require improvements in accuracy and scalability. To overcome
these limitations, integration of external physical fields, including acoustic, optical, electrical, and magnetic,
enables non-contact, high-throughput cell operations and analysis. Acoustic waves and magnetic fields
provide precise control over cell deformation, optical tweezers enable contact-free trapping, and electric
fields facilitate dielectrophoretic manipulation. These techniques improve measurement sensitivity and
throughput, making them more suitable for clinical applications, but also increase follow-up processing
time. Artificial intelligence (Al) further enhances microfluidic automation across all these methodologies by
enabling real-time image processing, parameter optimization, and data analysis to shorten processing time.

Received 8th September 2025, This review particularly explores how Al is poised to solve fundamental, long-standing problems in cell

Accepted 6th December 2025 mechanics that are intractable for conventional methods. Future microfluidic systems will integrate multiple
physical fields controlled with Al, improving precision and scalability. The convergence of microfluidics,

external fields, and Al is expected to revolutionize single-cell mechanobiology, advancing both
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capacity.’® Even within the same cancer type, mechanical
properties such as hardness and deformability evolve during

Introduction

Cellular mechanical properties, such as stiffness, elasticity,
and viscoelasticity, are critical to understanding functions and
behaviours of cells in biophysics, medicine, and biology."
These properties are governed by structural components® like
the cell membrane,® cytoskeleton,”” and nucleus,”® and vary
considerably  under  physiological and  pathological
conditions.” For example, in hematological disorders, the
increased stiffness and reduced deformability of red blood
cells (RBCs) in iron deficiency anemia not only underpin the
disease pathophysiology but also present a compelling
diagnostic biomarker.® In contrast, cancer cells often display
higher elasticity during metastasis,” enhancing their migratory
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different stages of disease progression.'’ Such variations
underscore the importance of accurately characterizing
cellular mechanics. Beyond diagnostics, the accurate
characterization of cellular mechanics holds transformative
potential in drug development, where it can serve as a label-
free readout for screening the efficacy of cytoskeleton-
targeting chemotherapeutics.’>'® It is these high-impact
applications that demand the development of more robust,
high-throughput, and automated characterization tools
beyond conventional methods.™*

Accurate characterization of cellular mechanical properties
faces significant challenges due to cell complexity and dynamic
nature. Atomic force microscopy (AFM) has been widely used to
address these challenges,"> which provides high-precision
mechanical measurements by applying controlled forces to
cells and measuring their deformation at the nanoscale.'
However, AFM is limited by poor throughput, typically low to
one cell per minute, making it unsuitable for studying rare cell
populations or large datasets."”

Microfluidic platforms have emerged as a promising
alternative, enabling high-throughput, non-invasive, and
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quantitative single-cell analysis."®'® By applying controlled
mechanical forces, such as shear stress, compression, or
stretching, these systems allow real-time study of cellular
deformation and recovery.”® However, challenges remain in
achieving high accuracy and efficiency due to the channel
geometry and flow dynamics. Additionally, these systems are
often constrained by requiring manual intervention and data
analysis, which can be time-consuming and prone to human
error.

External physical fields, including electrical, optical,
magnetic, and acoustic, have been integrated into
microfluidic systems to address these limitations.>" >* These
fields enable precise cell manipulation and mechanical
characterization.>® Specifically, electrical fields, such as those
generated in dielectrophoresis, are utilized for dynamic
fatigue characterization.”® Optical tweezers permit non-
contact trapping and mechanical probing,>**” whereas
magnetic fields facilitate the deformation of cells labelled
with nanoparticles.”® Concurrently, acoustic fields operate by
inducing shear waves to non-invasively probe cellular
elasticity.”® However, despite their versatility, these methods
often face inherent challenges in achieving real-time, high-
throughput, and automated analysis.'* The characterization
process typically generates complex, high-dimensional
datasets that are difficult to interpret manually and can be a
significant source of experimental burden and time cost."
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Here, the concept of automation refers to the process of
achieving predetermined objectives with minimal or no
direct human involvement. Artificial intelligence (AI), which
provides a powerful technical assistance for automation,
performs cognitive functions by learning from data to enable
perception, classification, and optimization.”>*° This is
where Al offers transformative potential.

Current Al integration enhances microfluidic cell
mechanical characterization by improving three core
functions: (i) perception and feature extraction, (ii) data
analysis and model building, (iii) decision-making and
control. Perception and feature extraction are advanced
through computer vision, primarily using OpenCV or
convolutional neural networks (CNNs) like mask region-based
CNN (MASK-RCNN) and BiSeNet to
identification, tracking, and deformation quantification.
Data analysis and model building leverage machine learning
techniques, including support vector machines (SVM) and
random forests for mechanophenotyping classification,
alongside deep neural networks (DNN) and backpropagation
neural networks (BPNN) for regressing properties like stiffness
and viscoelasticity from imaging and hydrodynamic data.**°
These approaches enable automated, high-accuracy extraction
of mechanical properties, empower high-throughput analysis,
and facilitate iterative optimization of experimental
parameter. In research settings, decision-making and control
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Fig. 1 Overview of the classifications and principles of single-cell mechanical characterization methods.
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are being explored via Al-driven algorithms, such as a
generalized predictive control (GPC) algorithm, for real-time
parameter  adjustment and  iterative  experimental
optimization.”® However, Al integration in on-chip cellular
mechanics remains nascent, with  most
implementations focused on image analysis and basic
feedback control.”* The development of fully intelligent,
autonomous platforms is therefore essential to unlock real-
time, adaptive, and comprehensive single-cell biomechanical
profiling.

Al is poised to address critical challenges beyond the
reach of conventional analysis. A pivotal opportunity lies in
decoding cellular mechanical heterogeneity at an
unprecedented scale.*> Traditional analysis often relies on
pre-defined gating strategies that may obscure novel
subpopulations.**> In contrast, unsupervised machine
learning can autonomously discover mechanically distinct
cell states from high-dimensional deformation data, revealing
new biomarkers for disease diagnosis and therapeutic
monitoring.*>*>  Furthermore, AI  enables predictive
mechanophenotyping by learning direct, non-linear
mappings from complex deformation dynamics to intrinsic
properties, circumventing the need for simplified theoretical
models that may not capture full cellular complexity.*® These
prospective applications underscore Al's potential not merely
as a tool for acceleration, but as a catalyst for fundamentally
new scientific discovery in mechanobiology.

This review examines advancements in microfluidic
platforms for cellular mechanical characterization, tracing
the evolution from conventional fluid-driven methods to
approaches employing external physical fields, and
emphasizing the pivotal and transformative impact of Al
within every methodological category discussed (Fig. 1). We
begin by discussing conventional microfluidic techniques,
including contact methods such as constricted extrusion and
pipette aspiration, as well as non-contact methods like shear-
induced and stretch-induced deformation. The discussion
then shifts to a new paradigm enabled by external physical
fields, which provide distinct mechanisms for mechanical
stimulation. Furthermore, we examine the emerging role of
Al in automating the analysis of complex mechanical
phenotyping data and optimizing experimental parameters.
Finally, we outline future research directions in this
interdisciplinary field, emphasizing the potential of
intelligent microfluidic platforms to transform both
fundamental  biomechanical research and clinical
diagnostics.

current

Cell mechanical characterization via
channel confinement and flow fields

This section surveys microfluidic platforms for on-chip cell
mechanical characterization that utilize channel confinement
and fluid flow, emphasizing the critical integration of Al It
covers contact methods, such as constricted extrusion and
pipette aspiration, where direct physical interaction with

1530 | Lab Chip, 2026, 26,1528-1546
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channel walls induces deformation, and non-contact
methods (e.g., shear/stretch-induced deformation), where
shear or tensile flow fields probe cell mechanics.””>° We
detail how AI substantially enhances these methods, from
employing CNNs and Mask R-CNN for automated -cell
perception in constricted channels, to utilizing SVM for
mechanophenotyping in flow-based assays, and applying
deep neural networks for regressing mechanical properties
from deformation data.’***°'">* These concrete examples
underscore Al's indispensable role in enabling high-
throughput, precise, and automated analysis.

Contact methods

Constricted extrusion. The constricted extrusion technique
employs microchannels with diameters marginally smaller
than the target cells, inducing mechanical compression as
cells traverse these narrow structures under fluidic
propulsion. By tracking morphological alterations,****
velocity variations,”>>® passage time®”*® and entry time,® key
mechanical properties such as deformability,*'® elasticity””
and viscoelasticity® can be inferred. These parameters
delineate the cellular response to compressive stress during
extrusion. Fundamental channel geometries for constricted
extrusion are exemplified by Horade et al.,** who®* used the
geometrically  constrained  microfluidic  channel to
characterize cellular viscoelasticity (Fig. 2A). To dissect the
spatiotemporal dynamics of cell-channel interactions, Hu
et al.®® designed a progressively constricting microchannel,
enabling precise quantification of the onset and locus of
cell-sidewall contact during squeezing. For high-throughput
applications, parallelized microfluidic arrays have been
developed (Fig. 2B).°" Raj et al®’ implemented a multi-
parallel micro-constriction system that predicts cellular
Young's modulus through theoretical modelling.

Despite advancements in parallelization, conventional
analytical workflows for constricted extrusion data—such as
manual tracking of cell deformation or parameter
computation—remain time-intensive and susceptible to
human error, impeding efficient translation to clinical
contexts. The integration of AI has markedly advanced
microfluidic systems, particularly in expediting cellular
feature extraction and enhancing the precision of
mechanical property quantification. Al-assisted analysis
streamlines the detection of passage time and deformation
metrics, addressing pivotal bottlenecks in high-throughput
screening. Deep learning networks have been widely
adopted for image segmentation and boundary detection in
single-cell measurements: high-resolution cellular images
processed via these algorithms enable automated
recognition of cell contours, precise extraction of boundary
information, and quantitative determination of geometric
parameters (e.g., diameter, roundness, and volume change).
When coupled with physical models (e.g., linear elasticity
theory), these parameters facilitate the calculation of
mechanical metrics such as Young's modulus, enabling end-

This journal is © The Royal Society of Chemistry 2026
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Fig. 2 Schematic diagrams of single-cell mechanical property measurement via constricted extrusion. (A) Schematic of cell extrusion and
deformation through a narrow microfluidic channel. Reprinted with permission from ref. 34, under the terms of the Creative Commons CC BY
license, Micromachines. (B) Schematic of the microfluidic device with multiple parallel micro-constrictions for characterization of mechanical
properties of single cells. Reprinted with permission from ref. 61. Copyright 2019, Elsevier. (C) Automated obtainment of passage time assisted by
computer vision under the microscope. Reprinted with permission from ref. 62. Copyright 2021, American Chemical Society. (D) Recognition of
rapid cell deformation based on deep learning after squeezing and deforming cells using two different modes of fluidic channels, and optimized
BiSeNet V1 by replacing ResNet with MobileNet V2 to develop a mini-BiSeNet. Reprinted with permission from ref. 63. Copyright 2023, Royal

Society of Chemistry.

to-end automation from image acquisition to mechanical
property output. Notably, Li et al®® demonstrated that
computer vision-based automated compression time
measurement, applied to cells traversing a serpentine
microfluidic channel with five constriction rows, supported
mechanical deformation analysis and cancer cell
classification (Fig. 2C). This approach demonstrates the
potential of Al-assisted extrusion cytometry not only as a
research tool but also as a clinical diagnostic aid, for
instance, in stratifying cancer patients based on the
mechanical phenotypes of their circulating tumor cells
(CTCs), which could inform prognosis and treatment
selection. Similarly, Zhou et al.®® developed a mini-bilateral
segmentation network (mini-BiSeNet) to rapidly identify
cells and extract deformation features, enabling the
classification of distinct cell populations based on size and
mechanical properties (Fig. 2D). They compare the
differences between residual network (ResNet) and mobile
network (MobileNet) V2 (where Cj, and C,y, are the number
of input and output channels, respectively). Between the two
pointwise (PW) convolutions, MobileNet V2 used the
depthwise (DW) convolution.

This journal is © The Royal Society of Chemistry 2026

Pipette aspiration. Pipette aspiration is a widely used
technique for analysing cellular mechanical properties. It
applies negative pressure through microtubes with diameters
smaller than target cells to induce controlled deformation,
thereby facilitating studies of deformation kinetics.”® To
measure membrane area compressibility modulus (K,), the
stress and strain at rupture (or, ¢1), and the energy required
for failure (cohesive energy, E.), Ibarboure et al.®* employed
micropipette aspiration to study giant unilamellar vesicles
(Fig. 3A). Beyond single-pipette systems, dual micropipette
configurations can quantify intercellular adhesion forces. For
example, Plater et al® applied this setup to assess the
mechanical stability of mouse embryos, revealing that
compaction enhances intercellular adhesion by enlarging the
Cdh1 adhesion ring (Fig. 3B). This work underscores the
potential of cell mechanical measurements as a novel, non-
invasive biomarker for assessing embryo quality. By
quantifying intercellular adhesion forces, such microfluidic
pipette aspiration systems could be developed into diagnostic
tools to aid in the selection of viable embryos for assisted
reproductive technologies (ART), ultimately aiming to
improve clinical success rates.

Lab Chip, 2026, 26,1528-1546 | 1531
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Fig. 3 Pipette-based microchannel for single-cell mechanical property characterization. (A) Micropipette aspiration system and stress-strain
analysis of giant unilamellar vesicles (GUVs), showing the images of GUVs under varying suction pressures, the setup components, and
representative stress-strain plots obtained in both the general aspiration and stretching regimes. Reprinted with permission from ref. 64.
Copyright 2020, JoVE. (B) Mechanical coupling of compacting 8-cell stage doublets, showing time-lapse imaging of doublet separation using
dual pipette aspiration, contact length and angle before separation, separation force measurements, and rupture tension throughout the 8-cell
stage. Reprinted with permission from ref. 65, under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs (CC BY-NC-
ND 4.0), Biophysical. (C) General layout of a microfluidic microtubule aspiration array. An enlarged schematic illustrates the interface between
the micropipette-aspiration unit and main channel, alongside a precise depiction of a cell residing on the aspiration unit. The inhalation length
of MCF-7 cells in the three control groups is shown as a function of pressure. Reprinted with permission from ref. 48. Copyright 2020, AIP
Publishing. (D) A three-layer BPNN for extracting shear modulus to accurately characterize the mechanical properties of erythrocytes, with
input variables including uo, u., L, and D, and output variable ESH. Reprinted with permission from ref. 67. Copyright 2024, Royal Society of

Chemistry.

Similar to constricted extrusion methods, parallelized
microcapillary arrays significantly enhance experimental
throughput. Boot et al.®® developed a microfluidic chip with
multiple pockets under uniform suction pressure, enabling
high-throughput measurement of viscoelastic deformation in
cellular spheroids. Wu et al.*® designed a microtubule array
flow channel featuring a serpentine microfluidic channel and
42 micropipette-aspiration units (Fig. 3C). This system allows
for the high-throughput capture of cells into predefined
chambers, facilitating parallel analysis of mechanical
properties, including Young's modulus, and transport
phenomena.

Integrating machine learning with fluid-cell interaction
analysis has further improved measurement precision for
mechanical properties. Wei et al.®” combined hydrodynamic
mechanisms with a three-layer BPNN to accurately determine
the membrane shear modulus, viscosity, surface area, and
volume of individual RBCs (Fig. 3D). The precise
quantification of RBCs' mechanical properties is crucial for
understanding and diagnosing hematological disorders. For

1532 | Lab Chip, 2026, 26, 1528-1546

example, in hereditary spherocytosis and malaria, the loss of
deformability is a key pathophysiological marker.®®® This
method paves the way for developing microfluidic clinical
analyzers for blood diseases, enabling accurate diagnosis and
monitoring of treatment efficacy.

In addition to classical contact methods like constricted
extrusion and pipette aspiration, measurement on micro-
and nano-patterned substrates has emerged as a distinct
contact-based approach for probing cellular mechanical
properties.”® These engineered surfaces use topographic and
biochemical cues, such as micropillars, nanodiscs, or
spatially organized extracellular matrix proteins, to control
cell adhesion, spreading, and mechanotransduction with
high precision.”"”* Unlike methods that apply external forces
directly, patterned substrates elicit intrinsic mechanical
responses through spatial confinement and ligand
presentation. Cells adhering to these structures generate
contractile forces through their actin cytoskeleton. By
measuring the resultant deflection of micropillars, cellular
traction forces can be quantified directly at the single-cell

This journal is © The Royal Society of Chemistry 2026


https://doi.org/10.1039/d5lc00855g

Published on 14 January 2026. Downloaded on 3/18/2026 1:01:51 AM.

Lab on a Chip

level. This strategy, while contact-mediated, minimizes active
mechanical perturbation.”? Recent work has demonstrated
that nanoscale features, such as TiO, nanodiscs
functionalized with Arg-Gly-Asp peptides, can regulate
integrin clustering and downstream signaling events like YAP
nuclear translocation in a diameter-dependent fashion, with
100 nm discs yielding optimal adhesion and spreading
behavior.”* Similarly, micropillar arrays have been employed
to quantify cellular traction forces by measuring pillar
deflection, enabling direct assessment of contractility at the
single-cell level.”*7® These platforms offer distinct
advantages, including compatibility with high-resolution
microscopy, scalability for high-throughput analysis, and
reduced risk of cell damage compared to aspiration or
compression-based techniques. While the autonomous
design of patterned substrates using Al is still emerging, the
quantitative image data they produce are well-suited for AlI-
driven analysis.”® Future developments will likely leverage
machine learning not only to predict optimal pattern
geometries for directing cell function but also to
autonomously extract subtle mechanical phenotypes, such as
traction stress maps, spatiotemporal spreading dynamics,
and nuclear mechanotransduction events, from high-content
imaging data.”” Thus, micropattern complements existing
contact methodologies and holds significant potential for
next-generation, Al-enhanced mechanobiology studies.

However, contact methods, such as pipette aspiration and
constricted extrusion, provide high-force, well-defined
deformations but introduce friction and potential cellular
damage, particularly when aperture size approximates the
cell diameter.”®”? Over-compression can lead to cell rupture,
compromising measurement accuracy.®® This can lead to an
overestimation of cell stiffness and obscure native
mechanical properties. Rational design of microfluidic
channel dimensions is thus critical to minimize cellular
stress and ensure reliable results. In contrast, non-contact
techniques probe cells in near-physiological conditions,
preserving viability.®!

Non-contact methods

Non-contact techniques have emerged as a robust alternative
to mitigate cellular damage associated with traditional
contact methods, preserving cellular integrity while enabling
high-precision mechanical property characterization. These
approaches are broadly categorized into two primary
strategies: shear-induced deformation and stretch-induced
deformation, each leveraging distinct fluidic mechanisms to
induce cellular deformation.

Shear-induced deformation. When a cell traverses a
microfluidic channel with a diameter slightly larger than its
own, it undergoes deformation driven by the combined
effects of shear forces arising from the fluid's parabolic
velocity profile and the applied fluid pressure gradient. The
shear-induced deformation technique leverages laminar
shear forces within microfluidic chips to apply controlled

This journal is © The Royal Society of Chemistry 2026
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mechanical stress to cells, enabling quantification of key
mechanical properties, such as deformability,>***%>%
elasticity,”®>%  shear = modulus,®®  viscosity,®> and
viscoelasticity,®® by analysing morphological changes in the
shear flow field. By minimizing direct cell-channel
interactions, this non-contact approach reduces damage risk
while closely mimicking the complex fluidic
microenvironments cells encounter in vivo. Otto et al'’
developed a high-throughput method for continuous
mechanical characterization of large cell populations
(>100000 cells) by capturing images of cells deforming under
shear gradients generated via fluid flow through microfluidic
channels (Fig. 4A). The ability to mechanically profile
thousands of cells within minutes opens up avenues for rapid
diagnostic screening. This is particularly valuable for
detecting mechanically altered cells in peripheral blood for
early signs of metastatic progression or for monitoring
patient response to therapy in near real-time, offering a
powerful tool for cancer management. Another approach
combining a convergent-divergent hyperbolic flow channel
with microscopic tracking was introduced to investigate the
dynamic behaviour of bioparticles under uniformly strained
flow (Fig. 4B).%”%®

Given the high-throughput capabilities of shear-induced
deformation, manual data analysis is impractical, requiring
the integration of AI for efficient data processing and
interpretation. Combs et al.** designed a microfluidic system
that subjects cells to repetitive deformation and relaxation
under shear forces. Their analysis pipeline utilized MASK-
RCNN to segment individual cells from high-speed video
frames. The resulting time series of cell shapes were then
analyzed using a sequence-based deep learning model (a
CNN-gated recurrent unit (GRU) architecture), which
automated dynamic feature extraction and significantly
enhanced classification accuracy compared to traditional
methods (Fig. 4C). Nguyen et al.”" further advanced this field
by establishing a framework that integrates fluid-structure
interaction (FSI) with machine learning to predict single-cell
mechanics. By generating realistic deformation data through
FSI simulations, they enabled CNNs to learn the mapping
from a cell's static deformed shape (two-dimensional (2D)
image or three-dimensional (3D) coordinates) to its
underlying membrane stiffness (Fig. 4D).

Stretch-induced deformation. Stretch-induced
deformation employs a specialized microfluidic design,
where a tensile flow field—generated by the convergence of
two identical fluid streams in a cross-shaped channel—
applies uniaxial tensile stress to cells, inducing elongation
along the flow direction. Under this stress, cells stretch
along the flow field direction. By monitoring morphological
changes, elongation, and recovery during stretching, key
mechanical properties such as deformability,®>°° elasticity,”®
toughness, and viscoelasticity’”®' can be comprehensively
assessed. This technique is particularly valuable for studying
cellular mechanical behaviours under physiological or
pathological conditions. For example, Armistead et al''
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Fig. 4 Shear-induced deformation in microfluidic channels. (A) Shear-induced deformation setup and measurement principles. A time series of a
cell deforming through constriction, along with a scatter plot of deformation versus cell size (cross-sectional area) for 4195 cells (points) acquired
over 45 seconds. The simulation schematic shows the shear stress and pressure on the cell surface in the contracted region. Reprinted with
permission from ref. 14. Copyright 2015, Springer Nature. (B) A detailed sketch of the optimized microfluidic convergent-divergent hyperbolic flow
channel experimental device, showcasing the microfluidic channels, flow control, and tracking systems. Reprinted with permission from ref. 87.
Copyright 2020, Royal Society of Chemistry. (C) Repetition of the principles of mechanical fractionation. The microfluidic channel contains a cavity
between two narrow regions, with images captured by a high-speed camera. Cell boundaries were detected and fitted using MASK-RCNN, and
deformation was quantified as the ratio of the two ellipse axes. Reprinted with permission from ref. 32, under the terms of the Creative Commons
CC BY license, AIP Publishing. (D) Architectures of 2D-CNN and 3D-CNN models of a deformed capsule in a shear flow deformability cytometry.

Reprinted with permission from ref. 51. Copyright 2023, Elsevier.

designed a cross-shaped tensile flow microfluidic channel to
extract multiple parameters, including elastic modulus,
plasticity, and size-normalized deformation indices, by
tracking the deformation and relaxation of leukemia and
colorectal cancer cells (Fig. 5A). By revealing distinct
mechanical signatures of leukemia subtypes or colorectal
cancer cell lines with varying metastatic potential, this
stretch-based assays provide a physical biomarker platform
that could complement conventional cytology in cancer
diagnosis and mechanistic studies of metastasis, potentially
guiding personalized treatment strategies. Gossett et al.®>
developed an automated microfluidic platform that probes
single-cell deformability at high throughput (~2000 cells per
s) using inertial focusing and stretch-induced deformation,
enabling unbiased analysis of cell mechanics for
applications in disease prediction, stem cell differentiation,
and clinical diagnostics (Fig. 5B).

The integration of AI into stretch-induced deformation
techniques has significantly enhanced the throughput and
efficiency of microfluidic systems. For instance, Dudani
et al.®*** introduced a hydrodynamic stretching method that

1534 | Lab Chip, 2026, 26, 1528-1546

avoids flow stagnation limitations by squeezing cells in
vertical cross-flow, achieving a throughput of 65000 cells per
s in a polydimethylsiloxane (PDMS)-based microfluidic
device (Fig. 5C). High-speed CMOS cameras captured
stretched cells, and a shape extraction algorithm based on
polar-to-Cartesian mapping was implemented in a diagnostic
system to quantify cell deformation and extract key
mechanical parameters from image sequences. This
approach quantified the cell's deformability at the initial
moment of stretching (Dyse) and its maximum
deformability during the pinched-flow phase (Dgamax), as
well as in a subsequent in-line extensional flow (Dpc, and
Dpcmax)- These parameters enabled the differentiation of
cell populations based on their transient and peak
mechanical responses to different types of stress. Deng
et al®® proposed an inertial microfluidic cell stretcher
(iMCS) for near real-time deformability characterization of
large cell populations (Fig. 5D). This platform automates the
entire mechanotyping process through a computer vision-
based approach, implemented with a custom algorithm
using the OpenCV library. This method enabled the real-

This journal is © The Royal Society of Chemistry 2026
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time quantification of mechanical properties (e.g., shear
modulus) by automatically tracking cells and calculating
their initial diameter and deformability from high-speed
image sequences. Lin et al® introduced multi-parameter
deformability cytometry (m-DC), which extracts over 20
physical phenotype parameters, including size,
deformability, deformation kinetics, and morphology,
enabling high-throughput characterization of pluripotent
cells and their derivatives. SVM was integrated to enhance
the stability and reliability of parameter extraction.

The fundamental difference from contact methods lies in
the force application mechanism. Non-contact approaches
measure cell deformability without wall effects, capturing
properties like cortical tension that are often masked in
constriction-based assays.’®*® However, the resulting data
streams are typically noisier and higher-dimensional (e.g,
dynamic deformation videos, multi-parametric field
responses).”” This is where Al becomes indispensable.
Manual analysis is impractical, and traditional models fail
to capture the non-linear mechanics. Machine learning,
particularly DNN, excels at extracting robust features from
these complex datasets, directly mapping raw image or signal

This journal is © The Royal Society of Chemistry 2026

data to mechanical properties, thereby bridging the
interpretability gap between contact and non-contact
measurements."*°

On-chip cell mechanical
characterization driven by external
physical fields

Electrically-driven measurement

Electrically-driven measurement leverages electric fields to
manipulate cells in a non-contact manner, utilizing
microchannels and electrode structures integrated into
microfluidic chips to capture, stretch, and deform cells,
enabling  the  assessment of  their  mechanical
properties.’®* ™%  This approach is mainly based on
dielectrophoresis (DEP), where cells are deformed or
displaced in an electric field due to differences in their
dielectric properties.>® Qiang et al.'®* introduced a method
for characterizing the mechanical fatigue of individual cells
using amplitude-modulated electrode formation combined

with microfluidics (Fig. 6A). This technique subjects cells to
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Fig. 6 Electrically-driven deformation in microfluidic channels. (A)

Experimental setup for fatigue testing of single RBCs using amplitude-

modulated electrodeformation and microscopic images of cell deformation measured in real time in a microfluidic chip. Reprinted with permission
from ref. 104. Copyright 2019, under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License 4.0 (CC BY-NC-ND),
PNAS. (B) Schematic diagram of a microfluidic chip consisting of liquid metal ITO electrode and the on-chip cell stretching process. When no
voltage was applied, cells flowed forward along the microchannels; the microfluidic syringe pump was stopped, and erythrocytes were captured
with a sinusoidal waveform at 1 Vpp and a frequency of 1.5 MHz; the voltage was increased to stretch the cells. Reprinted with permission from
ref. 109. Copyright 2019, under the terms of the Creative Commons license 4.0, IEEE. (C) Microfluidic system for high-throughput cytomechanical
phenotyping. Dynamic deformation of a single cell is shown. When the camera was triggered, 15 frames were recorded for cell deformation
analysis. Reprinted with permission from ref. 52 and 53. Copyright 2021, American Chemical Society and Copyright 2022, Wiley. (D) Overview of
the RT-IFC framework using the principle of four-frequency lock-in amplifier and neural network for intrinsic characterization. Reprinted with

permission from ref. 111. Copyright 2022, Royal Society of Chemistry.

prolonged static loading or controlled mechanical fatigue
cycles, systematically measuring changes in morphological
and biomechanical properties, particularly in RBCs and their
membrane mechanics. Characterizing the mechanical fatigue
of RBCs is directly relevant to understanding hemolytic
anemias and improving the shelf life of stored blood for
transfusions.’®® Thus, DEP-based platforms could thus find
application in blood bank quality control and the study of
RBCs membrane disorders, directly addressing clinical needs
in hematology."”® Hu et al'®'°® developed a high-
throughput Wheatstone bridge-inspired microfluidic device
for single-cell mechanical characterization. Conventional DEP
electrodes, typically made of indium tin oxide (ITO), gold, or
platinum, have inherent limitations. Zhu et al.'®® pioneered
the use of galinstan alloy liquid metal as a microelectrode to
generate non-uniform electric fields for erythrocyte trapping
and stretching (Fig. 6B). In their design, the liquid metal
microchannel (LMC) housed the conductive electrode, while
the adjacent DEP buffer microchannel (DMC) carried the cell

1536 | Lab Chip, 2026, 26, 1528-1546

suspension. This liquid metal electrode is cost-effective, easy
to fabricate, voltage-stable, and reusable.

Electric fields in microfluidics directly manipulate cells
without physical contact, minimizing cellular damage and
ensuring measurement accuracy.'” Integration with
automated control systems and image analysis algorithms
further reduces human error and enables fully automated
measurements. Yang et al''® proposed a DEP-based
platform  integrating  microfluidics = with  AI-driven
automation, which not only enabled efficient acquisition of
cellular mechanical data but also addressed low-throughput
bottlenecks by automating data processing. Liang et al.>>>*
developed a microfluidic system for hydrodynamic
stretching of cells in viscoelastic fluids, enabling high-
throughput mechanical phenotyping (Fig. 6C). The
subsequent cell type classification was performed using an
SVM with a radial basis function kernel, which effectively
distinguished different breast cancer cell lines based on

their intrinsic deformability and size.

This journal is © The Royal Society of Chemistry 2026
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An electrical sensing unit detects cell arrival and triggers a
high-speed camera to capture images, from which
mechanical phenotypes such as cell size and deformability
are extracted. Feng et al.''* advanced the field with a neural
network-enhanced impedance flow cytometry method
(Fig. 6D). Their system integrated key hardware modules,
including a transimpedance amplifier (TIA), a direct digital
synthesis (DDS) source, a lock-in amplifier (LIA), and a data
acquisition (DAQ) unit, to accurately measure single-cell
impedance. These measurements were processed in real-time
by 2 deep fully connected neural networks (FCNs) that
regressed intrinsic biophysical properties and performed cell
classification, enabling high-throughput, real-time intrinsic
characterization with a 10 000-fold improvement in speed.

Optically-driven measurement

Optically-driven measurement of cellular mechanical
properties is an advanced approach that combines optical
and microfluidic technologies, enabling non-contact, high-
precision characterization of cells at the microscale. Modern
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optically-driven microfluidics employs focused laser beams to
generate optical forces that non-invasively stretch or deform
cells within microfluidic channels. By analysing cellular
deformation responses through high-speed imaging, key
mechanical properties such as elasticity and viscosity can be
precisely quantified.'*?

The evolution of optically-driven microfluidics has
progressed from early mechanical cell manipulation methods
to sophisticated non-contact techniques, overcoming
limitations such as cellular damage while enabling high-
throughput and precise mechanical property measurements.
Lee et al'™ proposed an on-chip method to test RBCs
deformation under optical pressure, where a low numerical
aperture (NA) was utilized to push and deform cells, thereby
enhancing sensitivity in detecting cancerous diseases
(Fig. 7A). Building on this work, Roth et al.'™* developed a
linear optical stretcher for high-throughput assessment of
cellular mechanical properties. By precisely controlling laser
beam distribution and intensity, this method forms optical
traps based on two Gaussian intensity distributions, enabling
in situ capture and stretching of suspended cells."*® Analysis
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of cellular deformation and displacement allows for the
assessment of their mechanical properties.'*®

Another prominent optical method for single-cell
deformability detection is optical tweezers (OT). Unlike
optical stretchers, which use weakly diverging counter-
propagating beams, OT employs strongly focused laser beams
to perform precise measurements at specific cellular sites.*?
Yao et al.''’ utilized periodically chopped, tightly focused
laser beams as optical tweezers to temporarily trap cells,
while flow-induced drag stretched the cells laterally within a
microfluidic channel (Fig. 7B). In contrast, Sawetzki et al.'™®
directly stretched cells and investigated changes in
mechanical properties of RBCs caused by Plasmodium
falciparum infection, establishing dynamic viscoelasticity as a
foundation for non-destructive mechanical phenotyping in
high-throughput cell classification. The non-invasive nature
of optical stretching makes it ideal for monitoring subtle
changes in cell mechanics upon drug treatment or
pathogenic infection. Quantifying the increase in RBCs'
rigidity upon Plasmodium falciparum infection provides a
direct measure of malaria disease progression and could be

View Article Online
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used to screen for anti-malarial compounds, bridging the gap
between basic research and therapeutic development. In an
alternative approach, Yousafzai et al.''® introduced an OT
technique for cell indentation at piconewton (pN) forces,
where cells are axially moved against trapped microbeads,
and bead displacement serves as a direct indicator of cellular
interaction, eliminating potential interference from trap drift.

The integration of AI has significantly enhanced the
precision, accuracy, and processing speed of Raman
spectroscopy, strengthening its utility for characterizing
cellular ~ mechanical  properties in  optically-driven
microfluidics. Raman spectroscopy, often referred to as a
“fingerprint” spectrum, is a robust technique for
characterizing biological and chemical samples. Liu et al.'**
developed a single-cell laser optical tweezer Raman
spectroscopy (LTRS) system (Fig. 7C), where spectral features,
including frequency shifts, were extracted using the Boruta
algorithm. These shifts reflect mechanical properties such as
stress and strain, enabling indirect characterization of elastic
modulus. Seven machine learning models were compared
based on classification accuracy, precision, and recall.
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Hardiman et al'® applied a minimally invasive passive
micro-rheological technique by attaching a bead to the cell
surface (Fig. 7D). The bead's motion was recorded and
analyzed through thresholding and centroiding, a
deterministic image processing approach. The trajectories
were used to quantify the cell's low-frequency elastic modulus
(Go) and dynamic mechanical changes, including the plateau
onset time (z.), its inverse (1/z.) as the frequency domain, and
the superdiffuse motion onset time (z.p).

Magnetically-driven measurement

Magnetically-driven measurement utilizes magnetic particles
for cellular positioning and manipulation. By exploiting
interactions between external magnetic fields and magnetic
materials (e.g., magnetic beads), applied magnetic forces
indirectly induce cellular deformation—enabling precise
quantification of mechanical properties such as stiffness,
elasticity, and viscoelasticity.'*

Magnetic tweezers (MT) are a widely used method in
magnetically-driven measurement. MT employs magnetized
particles (beads) attached to a cell surface or membrane. By
manipulating the magnetic field, forces ranging from
piconewtons to nanonewtons can be applied, indirectly
inducing mechanical deformation in the target -cell.
Monticelli et al.">* developed a chip-based device utilizing a
magnetic domain wall manipulator, enabling the precise
application of localized forces to living cells (Fig. 8A). By
manipulating superparamagnetic beads, a magnetic force of
several hundred piconewtons (pN) was applied to the HeLa
cell membrane, inducing localized deformation. This
deformation ~ was  quantitatively  analysed  through
experimental measurements and computational simulations.
In contrast, Tang et al.>* integrated MT into a high-efficiency
cell-aligned microfluidic device, demonstrating two modes of
magnetic bead motion under a pulsed electromagnetic field
to assess single-cell mechanical properties (Fig. 8B). They
physically compressed HeLa and C2C12 cells arranged in the
microfluidic device using MT to measure cell stiffness.

Extending beyond extracellular mechanical property
assessment, magnetic tweezers have been employed to
investigate intracellular mechanical dynamics. Garzon-Coral
et al.'** used magnetic tweezers to exert calibrated forces (up
to 200 pN) on mitotic spindles in Caenorhabditis elegans
embryos, investigating the force-generating machinery that
maintains spindle position during cell division (Fig. 8C). This
machinery exhibits viscoelastic properties, with centering
stiffness increasing fivefold from metaphase to anaphase and
scaling with the number of astral microtubules, providing
direct measurements of the forces governing intracellular
structural dynamics during division. Wang et al*® further
advanced such applications with a multipole magnetic
tweezers system capable of submicrometer 3D positioning
(average error 0.4 um) and piconewton force control (up to 60
pN with 4 pN resolution) of submicrometer magnetic beads
inside intact cells, enabling precise characterization of

This journal is © The Royal Society of Chemistry 2026
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nuclear mechanical properties (Fig. 8D). Notably, this system
integrated a GPC algorithm to address the low bandwidth of
confocal imaging feedback, enhancing control accuracy for
quantifying nuclear mechanical polarity (higher stiffness
along the major axis) and force-induced nuclear stiffening.

Acoustically-driven measurement

Acoustically-driven measurement of cellular mechanical
properties leverages the propagation and interaction of
acoustic waves within microfluidic environments to apply
acoustic pressure or radiation forces to cells, enabling the
observation and analysis of cellular deformation and
responses under acoustic fields.'>® This approach achieves
the non-contact manipulation under an acoustic field and
the high-precision control by microfluidics, offering a novel
method for characterizing cellular mechanical
properties.'>*"%”

Five primary techniques are employed in acoustofluidic
systems: bulk acoustic waves (BAW), surface acoustic waves
(SAW), single-beam acoustic tweezers (SBAT), acoustic force
spectroscopy (AFS), and bubble techniques. Augustsson
et al."*® introduced a balanced iso-acoustic focusing method
based on BAW to analyse the effective acoustic impedance of
single cells in continuous flow (Fig. 9A). A. Link and Franke>®
demonstrated an SAW-based microfluidic device that generates
stationary acoustic fields to investigate static and dynamic
deformation of erythrocytes under progressively increasing
and oscillating acoustic fields. Wu et al."*® developed a high-
throughput microfluidic compressibility cytometry method
using multi-tilt-angle SAW, enabling thousands of single-cell
compressibility measurements within minutes by balancing
acoustic and flow rates (Fig. 9B). Lim et al.'*® proposed an
automated SBAT-based method for cancer cell classification,
providing objective and quantitative measurements of human
breast cancer cell deformation. Acoustic compressibility has
emerged as a sensitive label-free biomarker for cell state. Its
application in distinguishing cancer cell types holds promise
for liquid biopsy applications, where isolating and
characterizing rare CTCs from blood acoustically could provide
a non-invasive means for cancer diagnosis and monitoring,
significantly impacting clinical oncology."*® Nguyen et al.>*
utilized AFS to measure the dynamic viscoelastic properties of
cells under varying conditions, enabling continuous
measurement of complex shear modulus over extended
periods. Xie et al'' introduced a technique based on
acoustically driven bubbles to analyse the deformability of cells
suspended in microfluidic devices (Fig. 9C).

While acoustically-driven methods enable high-throughput,
non-contact cellular manipulation, the complexity of data
generated—including dynamic deformation trajectories,
multi-parametric acoustic responses, and high-dimensional
cell trajectory datasets—has posed challenges for efficient
processing and parameter optimization. To address these
limitations, integration of AI into acoustically-driven
microfluidics has emerged as a powerful strategy, simplifying
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Fig. 9 Acoustically-driven deformation in microfluidic channels. (A) Schematic of iso-acoustic focusing cell measurements, accompanied by

scatter plots of acoustic impedance (Zcell) for BA-F3 cells at six acoustic energy densities and flow rates of 4 ul min™ and 8 pl min™

, as well as for

MCF7 cells at 8 pul min™. Reprinted with permission from ref. 126. Copyright 2016, under the terms of the Creative Commons Attribution 4.0
International License, Nature. (B) Photograph of the compressibility cytometer based on SAW, featuring a pair of interdigital transducers (IDTs) on a
LiNbO3 piezoelectric substrate and a PDMS microchannel with multiple segments inclined at varying angles. Reprinted with permission from ref.
128. Copyright 2021, Royal Society of Chemistry. (C) Schematic of the microfluidic chamber configuration, including the piezo transducer and cell
stretching in the flow field around an acoustically activated oscillating bubble. Spherical suspension cells are stretched near the oscillating bubble,
with a statistical analysis plot illustrating the deformability of HEK cell. Reprinted with permission from ref. 131. Copyright 2015, WILEY.

experimental ~ workflows and  optimizing  technical
parameters.'**"*"32 Guo et al."** combined real-time image
processing with a geometric deformation algorithm to control
and analyze cell stretching. Their data-driven method
demonstrated that programmed high-frequency deformation
is superior to continuous stretching for modulating membrane
permeability. Rezayati Charan et al'** employed a diffuse
image tracking method to measure cell trajectories in a
homogeneous suspension medium, using neural networks to
analyse and classify three-dimensional trajectories of
thousands of single cells. As a non-contact force source,
acoustic waves minimize mechanical damage to cells,
preserving their integrity and activity. By precisely adjusting
acoustic parameters, the magnitude and direction of acoustic
pressure and radiation forces can be finely controlled, enabling
precise cell manipulation.

Discussion and future directions

Mechanical characterization of cells enables the distinction
and selection of specific cell types, as well as the
differentiation between healthy and diseased cells, bypassing

1540 | Lab Chip, 2026, 26, 1528-1546

the need for biochemical assays."*>'*® In recent years,

numerous devices based on diverse microfluidic principles
have emerged, advancing the field to a stage where clinical
translation is the next logical step.>*'*” However, several
challenges hinder the transition of microfluidic methods
from laboratory research to clinical practice. The reliable
application of patient-derived samples and the management
of complex data analysis remain significant barriers. Patient-
derived cells often exhibit clustering and high adhesion,
complicating single-cell analysis in microfluidic devices. For
example, abnormal sickle-shaped RBCs show reduced
deformability and increased adhesiveness compared to
normal cells, leading to non-specific attachment and device
clogging in high-throughput applications.”**"*° Additionally,
current technologies rely on specific microstructures, limiting
the flexibility and effectiveness of cell deformation."**

Convergence of multiple physical fields for precision cell
mechanics

To address the limitations of traditional fluidic-only
microdevices, external physical fields have become integral to

This journal is © The Royal Society of Chemistry 2026
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advancing mechanical characterization. These fields provide
non-contact, tunable mechanisms for manipulating cells and
inducing deformation, laying the groundwork for high-
precision, high-throughput assays. Electric fields enable
precise manipulation of cell positions and arrangements
within microfluidic channels through dielectrophoresis and
electrostatic actuation.® Electrical sensors can also directly
capture cellular electrical signals, reflecting internal states
and mechanical property changes.*’ Optical field-assisted
methods record dynamic cell deformations on a millisecond
timescale and enable automatic extraction of cell boundaries
and shapes via image processing algorithms.''> Magnetic
field technology utilizes magnetic nanoparticles or
microrobots to capture, localize, and precisely manipulate
target cells. By applying a magnetic field gradient within a
microfluidic chip, magnetic particles attached to cell surfaces
enable the systematic of mechanical
responses.'*> Acoustic wave-based methods generate precise,
controllable pressure pulses and microfluidic flows, enabling
uniform, contact-free cell stimulation."*® By adjusting
acoustic field parameters, cells undergo quantifiable
deformations, allowing the inference of mechanical
properties such as rigidity and viscoelasticity."** In addition
to single-physics-field-assisted techniques, an increasing
number of studies have focused on integrating multiple
physical fields for cellular characterization."*® This approach
enables simultaneous multi-parameter assessment and
correction, enhancing measurement accuracy and providing
a more comprehensive understanding of cellular
properties.’*® These systems enhance measurement reliability
through active cell positioning, directional force application
(including compression, tension, and shear), and real-time
response monitoring.'*”*8

measurement

Al solutions for cell-mechanics problems

By processing complex datasets (e.g., high-speed deformation
images, multi-parametric sensor readings), Al algorithms
extract nuanced mechanical phenotypes. Recent advances in
image analysis software and deep learning have, for instance,
enabled real-time evaluation of mechanical properties by
autonomously identifying cell boundaries, tracking dynamic
deformations, and correlating these features with stiffness or
viscoelasticity—functions  that extend beyond basic
automation to intelligent interpretation.'*>'*° Notable
refinements in measurement resolution highlight this
synergy: differential displacement measurements within two-
stage spring systems, paired with on-chip microfabricated
squeezers, now achieve nanoscale resolution (~10 nm) for
large  deformations.”™'**>  Similarly, sensor-integrated
microfluidic ~ platforms, = combined  with  advanced
displacement techniques like sampling moiré, have improved
data accuracy.”> In such systems, AI further optimizes
performance by refining force application parameters based
on real-time sensor feedback, bridging the gap between
automated data collection and intelligent decision-making.

This journal is © The Royal Society of Chemistry 2026
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Looking ahead, by integrating external physical fields with
AlI, we can move beyond incremental improvements and
confront the basic cell-mechanics questions that
conventional analyses still fail to resolve.">* This integration
enables a shift from descriptive mechanotyping towards
predictive and mechanistic understanding.'®® By processing
high-dimensional datasets, such as dynamic deformation
videos and multi-parametric sensor readings, deep learning
networks can extract spatiotemporal features that capture a
cell's mechanical memory and transient adaptive states.'”®'>’
This capability moves characterization beyond static
parameters like stiffness, allowing observation of cytoskeletal
remodeling and stress relaxation kinetics at an
unprecedented scale. Furthermore, unsupervised machine
learning autonomously discovers novel mechanophenotypes
from complex deformation data without pre-defined gating,
revealing functionally distinct cell subpopulations that may
be critical in tumor heterogeneity or therapy resistance.'”®'>°
Concurrently, embedding physical laws into neural network
architectures facilitates the regression of intrinsic mechanical
properties directly from raw imaging data, circumventing
simplified theoretical models."®® The emerging paradigm
thus positions AI not merely as an analytical tool, but as an
integral component of the experimental framework, capable
of decoding the complex, non-linear mappings between
molecular activity and mechanical output.*® This progression
promises to unlock real-time, adaptive, and comprehensive
single-cell biomechanical profiling, fundamentally advancing
both basic research and clinical diagnostics.

Challenges in AI-microfluidic integration

While Al-enhanced microfluidic platforms serve as powerful
tools  for  fundamental research,  biotechnological
development, and clinical diagnostics, their broader adoption
is hindered by several interconnected challenges. A critical
appraisal reveals a significant gap between theoretical
promises and practical performance. The throughput and
accuracy of these systems are often overestimated; real-world
performance with complex patient samples frequently fails to
meet theoretical speeds, creating bottlenecks for real-time
diagnostics.”® This is because many systems are fine-tuned
for ideal conditions rather than optimized for the inherent
variability of clinical specimens. Accuracy in multi-parametric
analysis remains compromised by inherent trade-offs;
impedance-based methods are vulnerable to cell position-
induced signal errors, while mechanical characterization
suffers from sample variability.>>'¢!

Furthermore, the scalability of these systems is
constrained by material limitations and complex fabrication
processes. PDMS, widely used for its biocompatibility and
optical properties, exhibits batch-to-batch variability and
long-term degradation.’®* The selection of Al models involves
significant trade-off, sand there is a tendency to overestimate
their capabilities while underestimating their limitations.
CNNs provide high accuracy for image-based classification
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but require large, labeled datasets and are computationally
03 Recurrent neural networks (RNNs), including
long short-term memory (LSTM) networks, effectively process
time-series data but face challenges with vanishing gradients
and require extensive training.'®* The interpretability of
models like SVM comes at the cost of performance on high-
dimensional data, while the hybrid architectures like CNN-
LSTM increase model complexity, often demanding
specialized hardware.'® %" The operational complexity and
cost of sophisticated microfluidic chips, combined with the
computational resources required for Al-driven data analysis,
present further barriers to widespread clinical adoption.

Finally, the integration of AI, while promising, relies on
extensive annotated datasets that are scarce for many
biological scenarios.>®> The “black-box” nature of deep
learning models also limits interpretability, hindering their
acceptance in clinical decision-making.'*®*’° Addressing
these limitations requires a concerted focus on optimizing
real-world performance, improving raw data acquisition,
developing robust and scalable fabrication methods, and
creating explainable AT models that integrate domain-specific
knowledge.

Future microfluidic systems are anticipated to operate
with full automation, delivering user-friendly outputs suitable
for clinical settings. The evolution of data standardization
and protocol automation will enhance the consistency and
reliability of assays. Multifunctional integration within
microfluidic chips—combining cell separation, culture, and
analysis modules—will improve experimental efficiency and
throughput. The extensive application of AI and machine
learning algorithms will enable real-time parameter
adjustments, process optimization, and result analysis,
reducing human error and increasing accuracy.

intensive.

Summary

This review summarizes various single-cell mechanical
property characterization techniques for assessment of
parameters such as cell rigidity and viscoelasticity. The
methods discussed include perforated extrusion, pipette
aspiration, and deformation induced by shear and stretch
forces. Although these methods have yielded promising
laboratory results, their clinical applicability remains limited.
Conventional microfluidic chips often suffer from high
sample heterogeneity, cell aggregation, and separation
challenges, compromising measurement accuracy and
throughput, thereby hindering clinical testing that demands
high sensitivity and large-scale data acquisition. In contrast,
the integration of external physical fields with AI emerges as
a transformative solution, with Al serving as the core driver
of advancement. External physical fields—such as acoustic
pressure distributions, high-resolution optical imaging,
precise  electric field manipulation, and magnetic
microrobots for cell capture—enable fast, convenient, and
high-throughput single-cell manipulation. However, it is the
integration of AI that truly unlocks their transformative

1542 | Lab Chip, 2026, 26, 1528-1546
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potential. This goes beyond accelerating analysis to address
fundamental challenges intractable for conventional
methods. It enhances the entire experimental pipeline, from
perception (automated cell tracking) and analysis (real-time
parameter extraction) to control (adaptive feedback). More
profoundly, it enables the decoding of cellular mechanical
heterogeneity and predictive mechanophenotyping by
learning direct mappings from complex data to intrinsic
properties. ~ However, challenges remain in data
standardization, model interpretability, and system
scalability. Overcoming these barriers will be essential to
realize the full potential of intelligent microfluidic systems in
revolutionizing mechanobiology research, point-of-care
diagnostics, and personalized medicine.
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