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Conformal, ultrathin crystalline-silicon-
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monitoring of three-dimensional tumor
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Dynamic dimension assessments of tumor tissues have broad relevance in clinical diagnosis and the
treatment of patients. Current technologies for such a purpose include quasi-static measurements
that lack microscale resolution and sensing sites, with limited capabilities for time-dependent, three-
dimensional profiling of tumors, particularly at the early growth stage. Here, we report the conformal
Hall-sensor-based systems for continuous monitoring of tumor morphological features such as
growth rates and volumes. Such platforms incorporate ultrathin crystalline-silicon nanomembranes
(200 nm thick) as a basis for displacement sensing via magnetic flux detection, in an array design that
yields spatiotemporal informationof tumor geometries at high sensitivity. Evaluation involves real-time
measurements on a living mouse model with tumor tissues at various pathological conditions, where
the integration with deep learning algorithms can further enable the system for large-scale tumor
profile reconstruction across tissue surfaces. Thesemicrosystemsprovide thepotential formonitoring
of tumor progression and treatment guidance in patients.

Technologies capable of establishing in vivodimension assessment of tumor
tissues represent a grand scientific challenge,with paramount significance in
biomedical research as well as clinical practice in human healthcare1,2. An
important focus is to dynamically capture tumor geometric features, espe-
cially volume and growth rate, that can provide essential information par-
ticularly at early stage3–5. Specifically, subtle increases in tumor volume are
an early biomarker of malignancy, as they precede detectable metabolic or
genomic changes and signal the onset of angiogenesis, providing a critical
window for early diagnosis. The rate of this volumetric growth directly
indicates tumor aggressiveness and prognosis, allowing for non-invasive
risk stratification between benign and malignant lesions6–9. Conventional
means in this context include quasi-static measurements of displacements
under invasive forces such as applied indentation, suction, torsion or
compression10–12. Non-invasive methods include advanced imaging tech-
niques (e.g., computed tomography and magnetic resonance imaging) that
yield quantitative spatial-temporal information of tumor morphology13–16.

Although promising, these approaches typically involve large associated
equipment within hospital settings, thus precluding their use as patients’
wearables for continuous, precise monitoring of targeted tumor tissues and
for at-home diagnostics under dynamic conditions17. For such purposes,
critical challenges still remain in the development of miniaturized, light-
weight electronic systems, in wearable/implantable formats, that enable
in vivo morphological characterization during tumor growth with time-
dependent measurements of tumor geometric features.

Recent reports have described the developments of state-of-the-art
electronic platforms for capturing micro-deformation of the tumor surface
during early-stage progression of the malignant cancerous tissues, across
measurement scales of millimeter levels18–22. Examples range from a metal-
film strain gauge for evaluation of tumor size under therapy, to HfO2-
nanoparticle-based wearable sensor for monitoring tumor volumes within
weeks, and to needle-shaped optoelectronics for calibrating tumor dia-
meters during different growth stages23–25. These and other systems utilize
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thin, flexible device architectures that intimately interface with deformable
tissue surfaces, at various scales that range from the cellular level to mac-
roscopic coverages in a minimally invasive manner26. In many cases,
however, these bioelectronic platforms only provide measurement cap-
abilities with insufficient sensing sites and displacement resolution of tumor
dimensions, thereby limiting their applications for dynamically mapping
complex topography across cancerous tissues at early pathological stages.

The novelty of Hall sensors can offer functional integration possi-
bilities in this context, with powerfulmeasurement capabilities of micro-
displacement and orientation, at awide range ofmeasurement scales27–30.
Nevertheless, these technologies typically involve the rigid, planar
modules that inevitably introduce significant uncertainties when oper-
ating on curved surfaces, not amenable to wearable designs with
mechanical compliance31,32. A key consideration is to establish the
engineered design capable of bending, stretching, and twisting during
contact with soft, time-dependent biological tissues, thereby reducing
mechanical mismatch at the biotic/abiotic interface while maintaining
operational stability. Recent studies reported flexible, thin-film Hall
sensors for characterization of tiny distance changes and angular var-
iations under magnetic fields33–37. Constituent materials usually include
bismuth (Bi), gallium arsenide (GaAs), and indium antimonide (InSb) to
other two-dimensionalmaterials such as graphene38–44. As a comparison,
the well-established semiconductor Hall sensor, such as silicon, can
provide superior system functionalities, with stable performance, high
levels of biocompatibility and low device-to-device variability27,45,46.

Here, we report the development and applicability of the flexible,
wearable Hall sensor for monitoring tumor growth dynamics via recording
weak magnetic flux variations, in an array design that is capable of high-
precision mapping geometrical parameters (e.g., height, volume, morphol-
ogy).Thedevice integrates theultrathin, transferred siliconnanomembranes
(Si-NMs, 200 nm thick) serving as the functional elements that can enable
intimate contact on targeted tumor surfaces, capturing the magnetic signals
related to dimension information during tumor growth. Experimental and
simulation studies establish the optimized device design of the Hall sensors
with themeasurement sensitivity as 4.41 V/A T and theminimumdetection
limit as low as 1 μT, and evaluate their performance across representative
wearable applications and dynamic conditions. As an example, the device
canmount on the tumor surface of a living mouse under gradient magnetic
fields, yielding continuous monitoring of tumor height variation at micro-
scale at the early stageof tumorgrowth. Integrationof arraydesigns anddeep
learning architectures with convolutional neural network enables large-area
mapping over tissue surfaces to quantify tumor volumes, with enhanced
measurement capability using a residual neural network for three-
dimensional profiling. These results create future opportunities for clinic
use with continuous monitoring of tumor progression and the capability of
early-stage pathological diagnosis and in-time treatments.

Results
Materials, designs, and operation principles of the flexible Si-
based Hall sensor
Figure 1a presents the schematic illustration and operation principle of the
device, which we refer to as the flexible Si-based Hall (FSH) sensor, serving
as a skin-mounted wearable platform for physiological magnetic signal
monitoring, capable of being seamlessly interfaced with dynamic biological
tissues. The stack structure appears in Fig. 1a(i). Here, the ultra-thin
monocrystal silicon nanomembrane (Si-NM, 200 nm thick) forms the Hall
element, connected by four metal electrodes (Cr/Au, 10 nm/100 nm thick).
The fabrication begins with the transfer printing of Si nanomembrane
(Fig. S1) from boron-doped (~1020 atoms/cm3) p-type Silicon-on-insulator
(SOI, SOITEC) wafer onto the pre-cured polyimide (PI) film (5 μm thick)
on a temporary glass substrate, followed with sequences of lithographic
patterning, etching, and integration with metal wire connection, and then
encapsulated by another PI film layer (5 μm thick). The following release of
the sensor from the temporary glass substrate and printing onto a poly-
dimethylsiloxane (PDMS) substrate (30 μm thick, elastic modulus of

750 kPa) usingwater-soluble tape to establish thewearable platform for bio-
magnetic sensing. More information about the fabrication process details
can be found in “Methods” section and Fig. S2. Figure 1a(ii) shows the
operation principle of the FSH sensor based on the Hall effect. Specifically,
the constant voltage or current is biased on one couple of electrodes (source
electrodes) to generate moving charge carriers, which accumulate in one
side of Si-NMunder the Lorentz force in themagnetic field, thus generating
Hall voltage collected by another couple of electrodes (Hall electrodes).

Notably, the specific geometrical shuttle shape of the Si-NM is the
optimized result of finite element analysis (FEA) simulations and validated
by experimental results in Fig. 1b, c. Among the three shapes of cross,
rectangle and shuttle that have beenwidely reported36,47–49, the experimental
result reveals that the shuttle shape is able to generate the strongest Hall
voltage signal in the constant magnetic field compared to the other two
(Fig. S3), consistent with the relevant works reported before49,50. According
to the principles of electrostatic charge distribution, charge density tends to
accumulatemore highly at sharp geometric features in semiconductors. In a
shuttle-shaped structure, this effect causes charge carriers to concentrate at
the tapered ends of theHall electrodes, thereby generating an enhancedHall
voltage due to the geometric focusing of electric fields50. The FEA results on
the comprehensive investigation about the geometric dimensions (i.e., cross
ratio, aspect ratio, taper angle, and electrode length) define the optimized
structures of each of the three shapes (Figs. S4–S7). The optimal geometrical
design of the shuttle shapemaintains the necessary contact length along the
long edge while gradually tapering the width towards the short edge in a
triangular form, as shown in optical images of Fig. 1d. The overall aspect
ratio (L/W)of the shuttle shape retains 3:1 (300 μmlength, 100 μmwidth) to
reach themaximumgeometrical factor for better sensitivity49, while theHall
electrodes contact the sharp corner (tanθ/2 = 5/8) to enhance the Hall
voltage50. Furthermore, the same batch of FSH sensors exhibits highly
consistent response to magnetic field (Fig. S8), with negligible performance
degradation after transferring to flexible substrates (Fig. S9), demonstrating
the potential of the fabrication process to scale up towafer dimensions. The
epidermal FSH sensor shown in Fig. 1e exhibits seamless dermal con-
formability with preserved interface stability on the fingertip. The results of
repeated attachment/detachment tests are summarized in Fig. S10. For the
peel strength measurement (90° peel angle) between FSH sensors and
human skin (Fig. S10a), the adherence force as a function of displacement is
shown in Fig. S10b. The average adherence force to the surface decreases
from an initial value of 0.07 N to 0.04 N after 20 attachment/detachment
cycles, but is restoredafter gentle cleaningwith ethanol anddeionizedwater.
The calculated adhesion energy values in the three states are 2.38 J/m2,
1.37 J/m2, and 2.30 J/m2 (Fig. S10c), comparable to those of PDMS-based
wearable electronics measured in related literature51, which also means the
repeatedly usedFSHsensor canmaintain theoriginal adhesion energy as the
pristine condition after cleaning. Furthermore, the Hall voltage response
exhibits minor variation under a constant magnetic field (80mT)
throughout the repeated attachment tests (Fig. S10d), confirming that
mechanical reattachment has a negligible impact on the electrical interface.
For the long-term drift test with biofluid exposure, the devices (N = 3) are
attached on fresh and damppork skin sprayed by artificial sweat (Fig. S11a),
in conditions of constant temperature (37 °C) and high humidity (85%).
Figure S11b shows theHall voltage recordedunder a constantmagneticfield
(80mT). The devices still work, though the normalized signal exhibiting a
total drift of 15% over 15 days. This can be compensated for by a calibration
procedure prior to testing.

For the mechanical performance of FSH sensors, Fig. 1f displays the
optical images of the sensor on an artificial skin substrate (PDMS, 0.5 mm
thick) at various mechanical deformation states and corresponding theo-
retical simulation,which include bending (with a bending radius of 10mm),
twisting (with a twisting angle of 90°), and stretching (Fig. S12, with an
elongation of 10%). The internal strain distributions of the FSH sensor are
analyzed by finite element analysis (FEA) simulation (Table S1). In both
conditions of bending and twisting, the simulated results show that the
maximum strain in the Si-NM and metal wires is less than 2%, well below
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the critical fracture strain of Si (5%) and gold film (7%)52,53, suggesting the
excellent flexibility and mechanical robustness. Further analysis (Fig. S13)
reveals that the strain is constrained within PDMS substrate due to the
mechanical property mismatch (i.e., Young’s modulus) between Si-NM
(170GPa), gold (70 GPa), PI (3.1 GPa) and PDMS (750 kPa), thereby
effectively eliminating the strain within the FSH sensor54. More details and
results of the FEA simulation can be found in “Methods” section. These
results of excellentmechanical stability are essential to ensure the functional
integrity and operational effectiveness of the FSH sensor in dynamic
environment of Internet of Things (IoT) and diverse biomedical scenes.

Device characteristics of FSH sensor for in vitro magnetic field
monitoring
Application-oriented magnetic fields include both fixed unidirectional
magnetic field and dynamically induced electromagnetic field with various
frequency, which places higher demands on the performance of the FSH
sensor. Figure 2a illustrates the response of the FSH sensor to alternating
magnetic fields (20–200 μT, 50 Hz–100 kHz) generated via a Helmholtz

coil, with field parameters precisely controlled by a signal generator
(Fig. S14). More experimental details can be found in “Methods”. Quanti-
tative analysis reveals a distinct linear proportionality (R2 > 0.99) between
signal amplitude and magnetic field at constant frequencies. This linear
relationship allows that the signal can be feasibly calibrated, and thus
enabling effective detection of unknown environmental magnetic fields in
real-world sensing applications. Concurrently, frequency-modulated
enhancement of voltage output is observed under fixed field intensities
(Fig. S15). This frequency-dependent behavior aligns with Faraday's elec-
tromagnetic induction principles, where the induced electromotive force
scales linearly with oscillation frequency55. Figures 2b and S16 display the
time-resolved detection of weak magnetic fields (50–200 μT) with ampli-
tude modulation. Here, 0.1 Hz square wave signal drives the alternating
magnetic field with a 10-s period, with the field strength controlled by the
signal amplitude, which can be clearly distinguished by the Hall voltage
variation of FSH sensors. Under our detection condition, the sensor exhibits
rapid state transitions (response/recover time <2 s) to guarantee the
real-time monitoring requirements for transient magnetic phenomena

Fig. 1 | Materials, designs, and operation principles of the flexible Si-based Hall
(FSH) sensor. a (i) Exploded layered structure diagram of the FSH sensor and (ii)
Enlarged view of the device area with operational schematic. b Photographs of the
various Si-NM shape. Top: Cross. Middle: Rectangle. Bottom: Shuttle. Scale bar:
50 μm. c Comparison of the Hall voltage signal amplitude with the Si-NM shape of
the cross, rectangle and shuttle. Error bars represent SD (n = 10). dOptical images of
the over view (top) and the geometrical details (bottom) of the FSH sensor.

e Photographs of a transferred FSH sensor (i) seamlessly laminated on the fingertip
and (ii) nondestructive detachment from the fingertip. f Optical images of the FSH
sensor under different modes of mechanical deformation, including bending at the
radius of 10 mm and twisting at the angle of 90°, as well as the corresponding FEA
results of strain distribution across the Si-NM (the inset) andmetal wires. The ns (no
significance) p > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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while maintaining amplitude discrimination fidelity across the operational
range (Fig. S17). The current sensitivity (SI, defined as Hall voltage output
per unitmagnetic field and bias current) and voltage sensitivity (SV, defined
as Hall voltage output per unit magnetic field and bias voltage) of the same
sensor batch adhere to the Gaussian distribution with a mean value of
4.41 V/A T and 5.42mV/V T respectively (Fig. 2c), both of which are
comparative to those of the industrialized silicon-based Hall sensors
reported before45. Table S2 presents a performance comparison of the Si-
NM-based Hall sensor with other Hall sensors reported before. Compared
to flexible but low-sensitivity Bi-film sensors and high-sensitivity yet rigid/
toxic GaAs/InSb-based sensors, Si-NM-based Hall elements achieve a
superior balance between performance and biocompatibility36,44,56.

Alternatively, the Hall voltage not only depends on the magnetic
field strength but also on the angle between the magnetic flux density
vector and the sensor plane. The angle dependence reveals in the fol-
lowing Formula 1 describing the balance between Lorentz force and the
electric field force:

q � VH

d
¼ qv0Bz ¼ qv0B � cos θ ð1Þ

where q is the quantity of electric charge, VH is the Hall voltage, d is the
distance between theHall electrodes, v0 is the charge transport velocity,Bz is
the vertical component of themagneticfield strength,B is the totalmagnetic
field strength, andθ is the angle between themagnetic vector and thenormal
vector of sensor plane. Accordingly, VH is proportional to cos θ, thus
enabling direction detection under nearly constant external magnetic field.
The sketch in Fig. 2d shows that the sensor rotates in a constant field with
rotation angle θ. The Hall voltage captured by the sensor during rotation
(pink line) closely aligns with the theoretical calculation result of Formula 1
(yellow line) and the FEA results (red line), with the Pearson’s correlation
coefficient (r) of 0.99812 and 0.99818, demonstrating the reliability of the
experimental results. In addition, the FSH sensor demonstrates wearable
magnetometric functionality through biomechanically integrated compass
operation on the fingertip (Fig. 2e). The calibration process is to identify the
geomagnetic north alignment, corresponding to the direction of maximum
signal amplitude of the FSH sensor. The direction detection starts with the
geomagnetic field entering the sensor plane vertically (north), followed by
the finger attached with the sensor rotating 360° within 30 s. The Hall
voltage reveals strict angular dependency, peaking at geomagnetic north
alignment before decreasing to the null point at east orientation. Subsequent

Fig. 2 | Device characteristics of the FSH sensor and its monitoring of magnetic
fields and direction. a Line graph of Hall voltage variation with weakmagnetic field
at different frequencies. b The sensor response in time scale under weak magnetic
fields of 50–200 μT. c The current sensitivity (SI) and voltage sensitivity (SV) of the
same batch of the sensors. Curve: Normal Distribution. d Comparison between the
theoretical calculated values (yellow line), FEA values (red line), and the experi-
mental values (pink line) for the FSH sensor subjected to constant magnetic fields at
variable directions. eThe FSH sensor attached to thefingernail serves as the direction

detector for the geomagnetic field. f The performance stability of the FSH sensors
against fluctuating environmental temperature. g Noise spectra of the FSH sensors
obtained through FFT, with a bias current of 1 mA. hHall sensitivity variation after
1000 cycles deformation tests. i Comparison of the Hall voltage signals of the FSH
sensor and commercial Hall elements (AH3503) under mT-level magnetic fields.
Error bars represent SD (n ≥ 3). The ns (no significance) p > 0.05, *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001.
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rotation induces polarity inversion, achieving negative saturation at south
alignment, following a cosinusoidal angular dependence as the Hall effect
theory and Formula 1. Those results illustrate the capability of FSH sensors
for autonomous geomagnetic vector mapping.

To illustrate the stable device performance, the FSH sensor remains a
stable signal output undervarious temperatures ranging from25 °C to 45 °C
(Fig. 2f), with a negligible thermal-resistivity effect that excludes the influ-
ence induced by the fluctuating environmental temperature. Figure 2g
examines the electrical noisewithin the sensors undermeasurements,where
the voltage noise power spectrum with a bias current of 1mA exhibits the
noise behavior in broad frequency bands (10−1 Hz–104 Hz). The result
indicates that in low-frequency range, the noise has a nearly liner decrease,
showing the apparent feature of 1/f noise that commonly dominates in this
frequency band57,58. As the frequency increases to higher than 102 Hz, the
noise spectrum flattens out, indicating the transition from 1/f noise to
Johnsonnoise. In this instance, theminimumdetection limit ofHall sensors
can be defined as the noise equivalent magnetic field (NEMF) as the fol-
lowing Formula 259:

NEMF ðf Þ ¼
ffiffiffiffi

Sf
p

SI �I
ð2Þ

where f is the frequency,Sf is thenoisepower spectral density, I is the current,
and SI is the current sensitivity of theHall sensor.According toFormula 2, at
the frequency of higher than 102 Hz, the minimum detection limit of the
FSHsensor is below1 μTwith the bias current of 1mA,which ismuch lower
than the average geomagnetic field (~40 μT), thus revealing the potential of
geomagnetic field detection. To validate the performance stability during
deformations, systematic electromechanical tests covering stretching,
bending, and twisting modes, each repeated across three independent
devices (N = 3) are conducted. The real-time resistance of the FSH sensor is
recorded while applying controlled deformation of bending (radius of
10mm), twisting (90°), and uniaxial stretching (20%). Taking advantage of
the intrinsic piezoresistive behavior of monocrystalline Si-NMs60,61, the
resistance change directly reflects the mechanical strain experienced by the
Si-NM62. As shown in Fig. S18a–c, the normalized resistance traces remain
within ±0.5% variation under all deformation conditions during 1000
deformation cycles, indicating that the operational strain range remainswell
below the fracture limit and that no permanent damage occurs. To directly
link mechanical deformation to sensing performance, the Hall sensitivity is
further quantified before and after repeated mechanical cycling. As
summarized in Fig. 2h, the average voltage sensitivity (SV) remains above
95%of the initial value (SV0) for all three deformationmodes, with variation
within 10% across multiple devices. These results indicate the stable
robustness of the FSH sensor under different mechanical conditions,
thereby satisfying the demands for magnetic field detection on curved
surfaces without notable performance degradation. Figure 2i shows the
signal of the FSH sensor in response to mT-level magnetic fields generating
by a permanent magnet, exhibiting similar variation trends by comparison
with commercialHall elements (AH3503).With the capability of integrated
directional/field dual-mode sensing and mechanical flexibility, the FSH
sensor effectively enables as a transformative platform for bio-magnetic
interaction studies and conformal wearable magneto electronics.

Principle and operation of FSH sensors for tumor growth mon-
itoring in animal models
Pathological changes, especially for tumor growth, can lead to variation of
tumor volume in vivo, triggering tiny deformation and displacement of
tissue surfaces8. The FSH sensors can characterize the physiological infor-
mation of tumors via monitoring of those tiny but critical geometrical
parameter changes (e.g., tumor height) associated with the initial progres-
sion of tumors, thus achieving necessary early warning and postoperative
monitoring. Figure 3a shows the FSH sensor attached to the tumor on the
left side of the mouse, while the inset provides a magnified view to
demonstrate the seamless and conformal device attachment. The tumor is

induced by the SK-N-BE(2) cell line (Fig. S19), which is injected on the left
sideof themouse in advance,with theFSHsensormountingon the injection
region. Measurements of the FSH sensor follow with placing the magnet
20mmprecisely above the injected site to generate a constantmagneticfield.
Detailed experimental processes can be found in the “Methods” section.
Figure 3b shows the cross-section illustration of the micro-displacement
caused by early stage of tumor growth. As the tumor develops, the tumor-
related tissue surface deforms and raises the sensor at the top of tumor closer
to the magnet, thereby resulting in the increasing signals recorded by the
FSH sensor, which can allow for continuousmonitoring of the tumorheight
during growth.

The calibration process of tumor height measuring is conducted by
collecting Hall voltage signal at a function of various distances between the
sensor and magnet, with the experimental setup illustrated in the inset of
Fig. 3c and thefitting standard curve inFig. S20.The initial distance between
the sensor and magnet is 20mm and gradually decreases to 10mm due to
the upward displacement of the sensor. The Hall voltage signal increases as
the sensor approaches the magnet by orders of magnitudes (from 0.9 μV to
139 μV), where larger displacement can lead to the stronger signal, as
expected.This canbe explainedby the expression for the axialmagneticfield
distribution of the permanent magnet used in our experiment, according to
the current model in magnetostatic analysis63–65:

B zð Þ ¼ μ0μrM0

2
z þ t

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R2 þ z þ tð Þ2
p � z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R2 þ z2
p

" #

ð3Þ

where μ0 is the magnetic permeability of the vacuum, μr is the relative
magnetic permeability of the medium, M0 is the magnetization, z is the
distance to themagnet, t is themagnet thickness, andR is themagnet radius.
The Hall voltage can be expressed as:

VH ¼ v0d cos θ � μ0μrM0

2
z þ t

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R2 þ z þ tð Þ2
p � z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R2 þ z2
p

" #

ð4Þ

where v0 is the charge transport velocity, d is the distance between twoHall
electrodes, and θ is the angle between the magnetic vector and the normal
vector of sensor plane. Here, the normalizedVH of Formula 4 (the red line)
shares the consistent variation trend with experimental VH in Fig. 3c,
showing thatVH is theoretically sensitive to distance z. As for the influence
of other practical variables (θ, μr , and shear motion) on the VH , analytical
calculations (Formula 4), finite element analysis (FEA) and practical
experiments are conducted to explain the full link budget between them
(Fig. S21a–d). To quantify performance under magnet misalignment and
lateral offset, the Hall signal variation is investigated by finite element
analysis (FEA) and experiments with a neodymium magnet (25mm dia-
meter, 2.5mm thickness) at a distance of 10mm to the FSH sensor. Both of
the results in Fig. S22a show that, for angular misalignments up to 15°, the
signal magnitude decreases <3%. With lateral shifts of ±1mm (corre-
sponding to 20%of the sensing areawidth) from the axial site of themagnet,
the maximal signal deviation is <1%, as shown in Fig. S22b. This is also
validated by the simulated magnetic field in the sensing plane, which
exhibits a stable value (57–58mT) within the sensing area (Fig. S22c).
Furthermore, the in vitro experiments, which mimic the tumor growing
process with an inflated silicone sphere, record the real-time Hall signal
shown in Fig. S23. Over 30-s expansion period, the distance from the sensor
(at the top of sphere) to the magnet is reduced from 15mm to 8mm, while
the device signal increases from 48 μV to 188 μV. The Hall voltage derived
from the sensor is primarily converted into the sensor displacement based
on the standard curve (Fig. S20). In the case of the FSH sensor at the top of
tumor, the variation of sensor signals associated with distance between the
sensor and magnet can yield information of tumor height during growth
from the beginning to terminal, thus effectively capturing the tumor surface
dynamics over the specified timeperiod.Thismillimeter and/ormicrometer
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level sensing capability of FSHsensorsprovides a solid foundation for tumor
growth monitoring.

Throughout the entire period of tumor growth in the living mouse
model, the FSH sensor continuously monitors the tumor height within
couples of weeks (Movie S1). As shown in Fig. 3d, the tumor height mea-
sured by the FSH sensor (orange line) over 14 days shows a noticeable
increase (Δh is defined as the tumor height increment since Day 1), con-
sistent with the result measured by the caliper tool (yellow line). Validation
of the early-warning capability is further achieved through monitoring
during Days 1–3 in Fig. 3e, which captures the tiny tumor height variation
within 1mm beyond the naked eye’s observation, demonstrating
submillimeter-scale tumor elevation dynamics surpassing the visual
detection threshold. In addition, Fig. 3f presents side views of tumor in
mouse on Days 1, 3, 7, and 14, with Δh increasing from 0mm to 3.96mm,
which provide a visual illustration of tumor progression over time,
allowing for a clear comparison of the growth stages and complementary
validation to quantitative measurements obtained through the FSH sensor
and caliper tracking methods. Additionally, to minimize the interference
from the subject motion, Fig. S24a presents the schematic diagram of a

custom-designed shell used to fix the magnet inside, thereby securing its
distance (designed as 10mm) relative to the underlying FSH sensor. The
shell is 3D-printed using M-Silicone (MakeX, Young’s modulus of
0.5MPa), enabling stable and conformable adhesion to the skin. Figure S24b
shows the integrated FSH sensor systemwith the shell andmagnet attached
to the human forearm. Upon wearing the whole FSH systems, the change
in Hall voltage is neglectable during the subject’s arm-swinging motion
(Fig. S24c). Those results highlight the effectiveness of the FSH sensor in
tracking tumor growth, with minor discrepancies that are within a rational
range for practical applications.

Figure 3g presents the biocompatibility evaluation of FSH sensors
through live/dead cell staining assays using mouse fibroblast cells (L929).
The experimental design incorporates FSH sensor co-culture system
(Device group) and sensor-free culture system (Control group) maintained
under identical incubation conditions. Fluorescence microscopy imaging
documents cellular responses following 24- and 72-h co-culture periods,
with live cells fluorescing green and dead cells exhibiting red signals.
Quantitative viability assessment via cell counting Kit-8 (CCK-8) assay
reveals comparable metabolic activity between Device group (yellow) and

Fig. 3 | In vitro tumor growth monitoring of the FSH sensor in mouse models.
a Optical images of the FSH sensor attached to the tumor site in mouse. The inset
shows an enlarged image of the seamless attachment of the device. b Cross-section
diagram of FSH sensor for detecting tumor height changes. c The variation trend of
the measured Hall voltage and the theoretical magnet field as the sensor approaches
themagnet on a silicone sphere. dComparison of tumor height changes over 14 days
measured by a caliper (yellow line) and FSH sensor (red line). e Early-stage tumor

height monitoring of the FSH sensor during Days 1–3. f Side view photos of the
mouse tumor on Days 1, 3, 7, and 14. g White light and fluorescence microscopy
images of live/dead stained L929 cells co-cultured with FSH sensors (upper) as
Device group and without FSH sensors (bottom) as Control group. h Quantitative
viability assessment of Control group and Device group via cell counting Kit-8
(CCK-8) assay. Error bars represent SD (n ≥ 3). The ns (no significance) p > 0.05,
*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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Control group (blue) across 72 h (Figs. 3h and S25). Statistical analysis
confirms no statistically significant reduction in relative cell viability. To
validate the long-term biocompatibility, the histological analyses after
2 weeks of continuous attachment to the dorsal skin tissue of mice are
supplemented. The Hematoxylin–Eosin (H&E) staining results of the skin
tissue (Fig. S26a) reveal no signs of epidermal disruption, erythema, edema,
or inflammatory cell infiltration beneath the contact area in the Device
Group. The skin structure, including the stratum corneum and epidermal
thickness, remains comparable to that of the Control Group. TheMasson’s
Trichrome staining results in Fig. S26b show no noticeable increase in
collagen fiber density or dermal fibrosis under the FSH sensor attachment
region, indicating that prolonged wear does not induce chronic skin irri-
tation. These findings validate the biological stability and safety of the FSH
sensor in physiological environments, establishing a critical foundation for
its extended biocompatible operation in prolonged diagnostic/therapeutic
applications.

FSH sensor arrays and deep learning models for tumor dimen-
sion analysis
Beyond the individual FSH sensor, a multi-sensor array of FSH can achieve
high-resolution spatiotemporal mapping across tumor surface topography,

yielding clinical significance for guiding subsequent treatment strategies in
practice, particularly in cases where the tumor is malignant or morpholo-
gically altered. Such information about tumorprogression, such as the shape
and volume, relies on three-dimensional (3D) tumor morphology recon-
struction by use of sensor array configuration. Figure 4a displays the illus-
tration and the optical image (inset) of the FSH sensor array on the PDMS
substrate (500 μmthick),while Fig. S27 shows the circuit layout. Specifically,
the entire array consists of 9 FSH sensors (3 columns, 3 rows), each with
dimensions of 300 μmby 100 μm, distributed uniformly over a total area of
5 × 5mm2. Each FSH sensor in nanomembrane forms (200 nm) incor-
porates two metal electrodes that enable the capability of addressing for
tumor surface geometrics mapping. The fabrication details appear in
“Methods” section. The total thickness of the FSH sensor array is less than
20 μm, thus yielding exceptional flexibility and conformability (Fig. S28).

To further illustrates morphology detecting functionality, the sensor
array forms conformal contact with the curving surface of a 20mm-dia-
meter silicone sphere to simulate the attachment on in vitro tumor, with a
permanent magnet located 20mm above to generate a gradient magnetic
field in Fig. 4b. The inset presents the mapping of Hall voltage signal
extracted from the FSH sensor array, where the central sensor exhibits
the strongest signal and the corner sensors display the much weaker signal.

Fig. 4 | FSH sensor arrays and deep learning models for tumor dimension ana-
lysis. a Illustration and photograph (inset) of the FSH sensor array transferred onto a
PDMS substrate. b Hall voltage signal collection of FSH sensor array attached to a
20 mm-diameter silicone sphere. Inset: The signal data mapping exhibits much
stronger amplitude in the central part. c Calculative decoupling process of surface

morphology on the spherical surface. d Pipeline of the residual neural network
comprising input layer, convolutional layers, residual connections, fully connected
layers and output layer. Here, N = 7 is the optimal result. e Two representative
examples of tumormorphology reconstruction images sampled from the dataset: (i)
Small curvature surface and (ii) Large curvature surface.
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This distribution is attributed to the magnetic flux variation across each
sensor, which is determined by both the distance and angle between the
sensor and the magnet, with the FEA analysis in Fig. S29. Therefore, to
decouple the exact distance and angle value from the Hall voltage signal to
reconstruct the surface morphology is of great importance. Figure 4c
exhibits an operation approach by variables separation to realize the
decoupling process. Specifically, the first step is to place the array in the
constantmagnetic field with unchangeablemagnetic field intensity, thereby
the angle θ (defined as the angle between the magnetic vector and the
normal vector of the sensor plane) can be calculated from the Hall voltage
intensity. Then, the second step is to place the array in the gradientmagnetic
field. Because of the known angle value of each sensor, the Hall voltage only
depends on the magnetic intensity at the site of the sensor, from which the
distance can be inferred via Formula 3. Detailed calculation processes
appear in Fig. S30.

Furthermore, to avoid the complex calculations during the decou-
pling process, the deep learning models are proposed to perform the
tumor dimension analysis via magnetic field distribution, which is con-
verted from the Hall voltage mapping by Formula 1. A convolutional
neural network (CNN) involving a single convolutional (Conv) layer and
a fully connected (FC) layer is already established to obtain the tumor
height and volume (Fig. S31), yet still facing challenges such as vanishing
gradients related to the difficulty of information propagation and limited
generalization capability when attempting morphology reconstruction66.
To maximize the retention of local gradient information67, the residual
neural network (ResNN) in Fig. 4d is employed, which consists of a
convolutional (Conv) layer, three residual (Res) layers, and a fully con-
nected (FC) layer. Here, the input layer is the magnetic field mapping
data in size of (3, 3) and the kernel size for Conv/Res layer is (2, 2). Each
Res layer involves two convolutional layers and introduces residual
connections through skips, allowing gradients to be directly propagated
through, thus effectively avoiding the vanishing gradient problem and
enhancing the generalization capability of the model. Instance batch
normalization and Leaky ReLU activation are used for each layer. The
output features of the last Res layer are directly transferred to the FC layer
for the regression task, where the number (N2 = 49) of output channels is
the optimized result, followed by reshaping and interpolation to form the
output morphology matrix data in size of (N, N) (N = 7). The investi-
gation about the output channel number (Fig. S32) shows that as N
increases from 3 to 7, the average Mean Square Error (MSE) between the
predicted and validated morphology data in the entire dataset decreases
from 0.016 to 0.009, while the average correlation coefficient (r) increases
from 0.83 to 0.91. However, as N increases more than 7, massive network
architectures and intricate data preprocessing procedures lead to the
excessive computational time and cost for our practical measurement,
establishing (7, 7) as the optimal output matrix configuration.

To enhance the stability of model evaluation and maximize the
utilization of data62, K-fold cross-validation (KF-CV, K = 5) tests are
employed with randomly mixed datasets, as shown in Fig. S33. The
datasets are randomly divided into five parts, with each part performed
as the validation set in turn, while the remaining four parts serve as the
training set. After completing the five iterations, the validation loss
function value (refers to MSE) of the five folds ranges from 0.013 to
0.068, with the average value obtained as 0.039. As a comparison, this
performance is significantly better than those of CNN and ResNN
without K-fold cross-validation, with validation loss function value of
0.104 and 0.085, respectively (Fig. S34), which demonstrates the
superiority of the model in morphology data reconstruction. Further-
more, Fig. 4e presents two representative examples of tumor morphol-
ogy reconstruction results, including conditions of (1) small curvature
surface and (2) large curvature surface. In both cases, the predicted 3D
surface (blue) exhibits a high degree of consistency with the actual 3D
surface (gray), demonstrating the practicality and stability of the residual
neural network with K-fold cross-validation in surface profile recon-
struction. Notably, the same deep learning models, including CNN and

ResNN, can be extended to larger sensor arrays to obtain geometrical
parameters and achieve large-scale topography restoration.

Real-time monitoring of the FSH sensor arrays for tumor devel-
opment in animal models
To validate the practical utility of the combination of the FSH sensor array
anddeep learningmodels, themouse tumormodel transplantedwithSK-N-
BE(2) cells is employed (Fig. S35). Here, the CNN is used for critical geo-
metrical parameter extraction (i.e., height and volume) while the ResNN is
three-dimensional tumor profile reconstruction. Comprehensive tumor
growth analysis is performed at the four key time points (Days 1, 3, 7, and
14), where Fig. 5a illustrates serial whole-body images showing progressive
tumor development. Notably, the tumor exhibits three-dimensional
expansion along multiple axes, maintaining an approximately spheroidal
configurationwhile developing increasingly intricate surfacemorphological
features over the observationperiod. Figure 5b corresponds to the associated
computed tomography (CT) images during the tumor growth at the four
stages, consistent with those of Fig. 5a. These longitudinal observations
reveal a strong correlation between tumor growth dynamics and morpho-
logical variations, demonstrating two notable characteristics: continuous
volumetric expansion accompanied by progressive acceleration in growth
rate and multidirectional proliferation patterns resembling spherical infla-
tion with increasing structural complexity.

As a comparison, Fig. 5c presents the four-stage tumor profile
reconstruction achieved through the ResNN discussed in Fig. 4d, where
the testing scheme appears in Fig. S36. Detailed information is in
“Methods”. Results show the precise 3D profile during early tumor
development within a week, and effectively capture both volumetric
expansion and surface irregularity patterns, in an agreement to the above
optical and CT images in Fig. 5a, b. As the tumor height exceeds 5 mm
(Day 14), the reconstructions exhibit partial volume loss and boundary
discontinuities, thus failing to provide the entire tumor shape, due to the
limitation of the effective sensing area as 5 × 5 mm2 of the FSH array. To
further address the spatial coverage limitation, the array design can be
scaled up by multi-transfer printing of Si-NMs68 to achieve high-
channel-count FSH array. This strategy can extend both lateral and
vertical measurement ranges to accommodate larger tumor volumes in
future works. Furthermore, to validate the dynamic monitoring relia-
bility of the arrayed FSH sensor together with CNN in tumor dimension
quantitative assessment, the comparative results of the tumor height and
volume derived through CT, caliper and neural network are presented in
Fig. 5d. Here, the neural network is trained repeatedly for one hundred
times, and the output height and volume are recorded after each training.
These comprehensive quantitative analysis of multiple parameters of
tumors reveal strong correlations, demonstrating the temporal align-
ment across four characteristic growth stages (Day 1, 3, 7, and 14). In
addition, to further investigate the agreement between the predicted
tumor dimensions and the measured tumor dimensions (defined as the
average of CT and caliper results), the statistical analysis is performed to
reveal that themean differences and standard deviations in tumor height
and volume between measured result (HMea, VMea) and predicted result
(HMea, VMea) are 0.004 ± 0.089 mm and −0.35 ± 10.37 mm3, respec-
tively, indicating that the deep learning-assisted FSH sensor arrays are
able to obtain reliable tumor geometric parameters with exceptional
robustness and generalization. Additionally, Table S3 summarizes
optical methods (including caliper measurement, micro-CT, photo-
acoustic imaging and optoelectronics), strain-based methods, and Hall-
based methods (this work), in terms of their working principles, mini-
mum detectable tumor size, detection precision, environmental toler-
ance,monitoring duration, and limitations. The comparison reveals that
the FSH sensor features the capabilities of direct quantification of tumor
volume, robust operation under opaque, low-light, and motion condi-
tions, and continuous, non-invasive monitoring on skin surfaces.

Furthermore, such an FSH sensor array shows the potential in
wireless, remote monitoring capability by use of the analog circuit
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design and Bluetooth program construction (Fig. S37). Specifically, the
system uses an ARM Cortex-M4 CPU-based Bluetooth Low Energy
(BLE) System-on-Chip (nRF52832) as the microcontroller. The con-
stant current source LM234DT provides a configurable operating
current for the Hall device, while the multiplexers 74HC4067BQ and
CH448F enable address-selected measurements within the array.
Figure S38a, b shows the circuit schematic diagram and the PCB layout.
The overall system-level circuit module measures 4.7 cm in length and
3.6 cm inwidth, with a thickness less than 2 mm (Fig. S38c). The supply
current profiles in Fig. S38d reveal the power consumption of the
analog front-end (AFE) and Bluetooth Low Energy (BLE) transceiver.
In standby and transmission period, the whole system features the
quiescent current at hundreds ofmicroampere level, while the dynamic
BLE spike current is more than 2 mA. In the detection period, the

system consumes the average working current of 1.3 mA (including
1 mA for FSH sensors) during continuous data sampling/processing
/transmission at 0.5 Hz. The calculated power consumption is
0.55 mW, 4.28 mW and 0.96 mW during the standby, detection and
transmission mode (Fig. S38e). Using a 100 mAh/3.7 V lithium-
polymer battery (as shown in Fig. S38f), the estimated continuous
operating time is 20 days, assuming a duty-cycled scheme (5% detec-
tion, 5% transmission, and 90% standby). Figure S38g shows that the
received signal strength indicator (RSSI) ranges from−31 dBm to−62
dBm with the transmission distance increasing to 2.5 m, enabling the
effective data rate of 217 kbps to 148 kbps for a 3 × 3 FSH sensor array
(equal to 753–513 Hz sampling frequency per channel), which con-
firms robust wireless communication under typical laboratory and
in vivo conditions.

Fig. 5 | In vivo tumor morphology reconstruction of the FSH sensor array in
mousemodel. a Photographs of the tumors grown on the left side of themouse over
14 days. b The in situ tumor CT results of the mouse on Days 1, 3, 7, and 14.
c Reconstruction results of the tumor on Days 1, 3, 7, and 14 through the deep
learningmodel. dThe comparative results of the tumor height and volume fromCT,

caliper, and sensors with neural network. e The differences between the measured
tumor height (HMea) and the predicted tumor height (HPre) through the neural
network. f The differences between the measured tumor volume (VMea) and the
predicted tumor volume (VPre) through the neural network. Here, SD stands for
standard deviation, and the Mean ± 1.96 SD stands for limits of agreement.
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Discussion
In conclusion, this study demonstrates the applicable development of a
flexible, wearable Hall sensor array for high-precision monitoring of
tumor growth dynamics through magnetic flux variation. By integrating
ultrathin silicon nanomembranes (Si-NMs) as functional elements, the
device achieves exceptional sensitivity (4.41 V/A T) and 1 μT detection
limit, enabling microscale resolution in capturing dimension changes
during early-stage tumor progression. The conformal design ensures
reliable adhesion to biological surfaces, as validated through in vivo
experiments on mouse models under gradient magnetic fields to con-
tinuously track tumor height variations. The synergistic combination of
arrayed sensor architecture and deep learning frameworks, particularly
convolutional and residual neural networks, advances the capability for
volumetric quantification, overcoming traditional limitations in large-
area, three-dimensional tumor profiling. Importantly, while our device
does not aim to replace large-scale imaging systems such as CT or PAI, it
achieves higher sensitivity for smaller, early-stage tumors that are diffi-
cult to be detected by conventional manual or imaging methods, thereby
filling a critical gap between wearable sensing and medical imaging. The
scalability of the platform, coupled with its compatibility with machine
learning algorithms, suggests broader applications in precision oncology
and personalized medicine. Future work will focus on clinical translation
through multi-parameter correlation with histological data, user-friendly
operation interface, and integration with closed-loop therapeutic sys-
tems. These innovations collectively represent a significant step toward
dynamic, data-driven approaches in cancer management, bridging cri-
tical gaps between laboratory research and clinical.

Methods
Fabrication of the FSH sensor and the array
The cleaned SOI (220 nm Si/1 μm SiO2; SOITEC) are doped in a tube
furnace (960 °C 15min, N2: 1 L/min; 1200 °C 30min) to obtain a boron
concentration of ~1019 atoms/cm3. The surface oxide layer formed in the
doping process of the doped SOIwafer is removed by buffered oxide etchant
(BOE) solution.Micropores (4 μmdiameter/40 μmpitch) are formedon the
device layer by lithography (MA6, SUSS), photoresist S1805 ( ~ 1 μm,
3000 rpm 30 s, Dow), and reactive ion etching (RIE, T2, Trion). PMMA
(950 PMMA A7, ~1 μm; MicroChem) and PI ( ~ 5 μm; Changzhou Yaan
new materials Co., LTD) are spin-coated on a cleaned glass wafer
(15 × 15mm2) as the sacrificial layer and the substrate layer of the device,
respectively. The PMMA is cured at 180 °C for 90 s, and PI layer is then pre-
cured at 110 °C for 2min.

Buried oxide layer of the pre-prepared doped SOI is etched in HF
solution (49%) for ~45min to release the device layer. Picking up the device
layer with a PDMS stamp (base: curing agent = 4:1) and pressing the stamp
on the receiver substrate to transfer the device layer from the doped SOI to
the PI substrate. The PI substrate after transfer printing of Si-NM is com-
pletely cured at 250 °C for 2 h. The Si-NMwith topological structure or the
array configuration is definedby lithography andRIE etching. The electrode
connections of the sensor consist of Cr/Au films (10/100 nm) prepared by
magnetron sputtering (DE500, DE Technology), and the wiring patterning
of the metal is determined by lithography and wet etching. The sensor is
finally encapsulated by another layer of PI ( ~ 5 μm). The excess encapsu-
lation material on the opening window of the electrodes is removed by
lithography and RIE etching. The sample is subsequently immersed in
acetone (~13 h) to dissolve the PMMA sacrifice layer and release the device
from the glass wafer. The fabrication process is completed by transferring
the device from the glass wafer to the PDMS ( ~ 30 μm) flexible substrate
through a WST (3M 5414 TRANSPARENT).

FEA simulation
To more effectively design a high-sensitivity Si-NM shape, COMSOL
Multiphysics® is used to perform FEA simulations and validates the results
through experiments.We adjusted the size, aspect ratio of the Si-NM, taper
angle and the contact area of the electrodes to design the Si-NR dimensions

and electrodes. The results indicate that the size of the Si-NMdoesnot affect
the sensitivity of sensor, and the signal saturates at an aspect ratio of 1:3.
Additionally, the highest sensitivity is achieved when the contact areas of
source and drain electrodes occupy nearly the half while the contact area of
the Hall electrodes is minimized.

In addition, COMSOL Multiphysics® is further used to validate the
robustness of the flexible devices, especially the Si-NM part. The device
layers, including Si-NM,metal, PI and PDMS, with the Young’smodulus of
170 GPa, 70 GPa, 3.1 GPa, and 750 KPa respectively, are united in the Solid
Mechanics field. Stretching, bending, and twisting tests have been per-
formed with a Static analysis step.

Characterization the Si-NM-based FSH sensor
For alternativemagneticfield, the signal for the electromagnetic coil and the
bias current/voltage for the FSH sensor are provided by the waveform
generator (Keysight 33500B) and the source meter (Keysight B2902B),
respectively. Different magnetic fields are generated by adjusting the
amplitude and frequency of the signal generator. For non-alternative
magnetic field, the permanent magnet is used and the bias current/voltage
for the FSH sensor are provided by the waveform generator (Keysight
33500B). The Hall voltage signal induced by the magnetic field is extracted
using a lock-in amplifier (Stanford Research Systems Model SR830 DSP).

In vitro experiment
For better adherence to the skin, the FSH sensor is first transferred onto a
highly adhesive PDMS substrate. PDMS substrates are prepared by the
templatemethod,where themold is a 200 μmthick siliconefilm.ThePDMS
ismixedwith a ratio of 20:1, followed by pouring into themold and cured at
80 °C for 12 h. When attached to a fingernail to monitor the geomagnetic
field, the signal has to be calibrated in a zero-Tesla chamber. The geo-
magnetic field monitoring is performed in an open environment free from
interference by other magnetic fields. During the experiment, the device is
rotated by turning the finger. For displacement monitoring, the signal from
the initial position is used as the baseline for calibration. The signal changes
induced by the displacement of the FSH sensor are then monitored to
accurately detect the displacement of the attached target.

In vivo tumor monitoring experiment
The animal studies employ 6–7-week-old female athymic nude mouse
(BALB/C-NU/+, N = 3), living with a 12-h light/dark cycle with a
temperature-controlled (24 °C) animal facility. SK-N-BE(2) cells (Cell Bank
of the Chinese Academy of Sciences) are resuspended in PBS and counted
(50 μL of the cell suspension with 50 μL of a 0.2% trypan blue staining
solution, followedbyquantificationusing an automatedhemocytometer).A
mixture of 106 SK-N-BE(2) neuroblastoma cells suspended in 50 μL of PBS
along with 50 μL of Matrigel basement membrane matrix (Leyou Biotech).
Under isoflurane anesthesia, themixture is draw up 100 μL by 1mL syringe
and injected subcutaneously into the left flank of each mouse. Tumor
growth is monitored on the following days using FSH sensors, calipers, and
CT imaging. Within each animal, at every time point, we perform three
consecutive repeatedmeasurements as technical replicates. Before each FSH
monitoring session, the mice are anesthetized with isoflurane, secured on
theoperatingplatform, and thedistancebetween the restraint device and the
magnet is maintained constant. The Hall voltage values of each unit in the
array are then recorded. ForCT imaging, themice are similarly anesthetized
with isoflurane, and a Micro-CT system (SkyScan 1276) is utilized. The
humane endpoint is defined as tumor size greater than 2 cm in its largest
dimension or 2000mm3 in volume. Mice are subjected to confirmatory
cervical dislocationwithin 12 h of reaching the humane endpoint. Two-way
ANOVA is performed to quantify the statistical difference of the results.

Deep learning neural networks
The deep learning model is trained using Python 3, with a dataset
comprising 400 sets of COMSOL-simulated magnetic field distribu-
tions on tumor surfaces under gradient magnetic fields, along with
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tumor height, volume, and 3D morphology data. Data preprocessing
involves converting magnetic field distribution information into 3 × 3
2D arrays followed by standardization before feeding them into the
neural network. A convolutional neural network (CNN) is used to
predict tumor height and volume, while a residual neural network
(ResNet) architecture is employed for morphology prediction, as
detailed in the main text. The CNN outputs tumor height and volume,
whereas the ResNet generates a 7 × 7 2D morphology array. Training
utilize the TensorFlow framework with the Adam optimizer and
accelerated using an NVIDIA RTX 4060 GPU.

Cytotoxicity evaluation
The Si-NM-based FSH sensor is sterilized by UV irradiation and co-
cultured with L929 cells (Procell Life Science & Technology Co., Ltd.) for
24 h and72 h in a constant temperature incubator (37 °C).Culturedcells are
stained using the Calcein-AM/PI double-stain kit (BB-4126, BestBio) and
incubated for 15min at 25 °C. Fluorescencemicroscopy is used to obtain the
images of stained live and dead cells. The co-cultured cells are added to the
culture medium containing 10% CCK-8 (IV08-100, Invigentech) and
incubated at 37 °C for 2 h to evaluate the relative cell viability. Relative cell
viability is reflected by measuring the absorbance value at 450 nm using a
microplate reader.

Statistical analysis
All data are expressed as mean ± standard deviation (SD) unless otherwise
stated. Statistical differences between two independent groups are analyzed
using an Independent-Sample T-test, while datasets involving two experi-
mental factors are evaluated using two-way ANOVA. A p value < 0.05 is
considered statistically significant. The number of samples (n) for each
dataset is indicated in the corresponding figure captions. Error bars in all
graphs represent standard deviations. All statistical analyses are performed
using Origin 2021.

Ethics approval
All animal studies were approved by the Animal Welfare and Research
Ethics Committee at Fudan University (ID: 2023-GGWS-17JZS). For
contents regarding experiments with human subjects (illustrative photos of
sensors attaching to thehumanskin), approvalwas obtained fromtheEthics
Committee of Zhongshan Hospital, Fudan University (ID: Y2021073). The
informed consent was obtained from all participants involved in this
entire study.

Data availability
All data are available in the main text or the Supplementary Materials. All
data needed to evaluate the conclusions in the paper are present in the paper
and/or the Supplementary Materials.
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