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Label-free optical biosensing combined with machine learning
enables live-cell analysis with high spatial and temporal resolu-
tion and can improve cell-state classification, response profiling,
and estimation of biomechanically relevant variables. This
review organizes works into single-modal and multimodal
workflows. In single-modal analysis, representation-oriented
approaches improve signal quality and provide data recon-
struction or calibration before modeling, whereas inference-
oriented approaches map optical data to phenotypes, adhesion
behavior, or other biologically relevant variables. These roles are
examined across surface-enhanced Raman spectroscopy
(SERS), surface plasmon resonance/resonant waveguide
grating (SPR/RWG), and digital holographic microscopy (DHM).
Multimodal workflows are grouped into reference-based cali-
bration, in which an auxiliary modality supervises a primary
platform, and joint multimodal inference, in which complemen-
tary readouts are fused to estimate cell state robustly.
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Introduction

Live-cell biomechanics includes several dynamic pro-
cesses such as adhesion, detachment, migration, and
mechanically coupled biochemical remodeling. These
can be captured using label-free optical systems, which
share the same operating principle: a biological process
perturbs an optical field, which the instrument changes
into a measurable signal. This distinction is essential
because label-free optical platforms differ in the pro-
duced modality. Surface-enhanced Raman spectroscopy
(SERS) captures chemically rich spectra [1], whilst
surface plasmon resonance (SPR) and other surface-
bound optical mode systems measure refractive-index-
dependent resonance  signals  [2,3]. Resonant
waveguide-grating (RWG) captures dynamic mass
redistribution and near-surface adhesion kinetics [4—6],
and digital holographic microscopy (DHM) reconstructs
phase and morphology from holographic interferograms
[7,8]. Machine learning-based methods are used either
to stabilize the captured signal or to convert it to bio-
logically or biomechanically informative outputs.

This review uses a modality-based structure to discuss
ML integrations in label-free molecular and cellular
sensing. Applications are grouped into three single-
modal categories: (7) spectral measurements, (i)
evanescent-field refractometric sensing for interfacial
kinetics, and (7z) image- or video-based phase micro-
scopy. ML roles are divided into representation-oriented
and inference-oriented integrations.

Representation-oriented ML performs signal condi-
tioning for better reliability, comparability, or physical
interpretability of the optical signal before decision
modelling. In SERS, this includes spectral conditioning,
denoising, cross-device standardization, and spectral
fusion [9—12]. In SPR and plasmonic refractometric
sensing, it includes full-spectrum refractive-index
regression, recovery of surface refractive-index
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dynamics, and surface or coating-property modelling
[13—16]. In RWG and guided-mode resonant sensing, it
includes drift handling, spatial response extraction, and
image-guided attribution of single-cell adhesion-contact
signals [17]. In DHM, ML supports deep-learning-
based phase processing and hologram reconstruction
workflows [7,8,18—22]. In these workflows, data sepa-
ration steps, such as threshold selection, remain an
important source of variability. In SERS/Raman pipe-
lines, thresholds define which weak peaks, low-SNR
spectra, or outlier spectra are rejected, and therefore
influence the chemical information passed to denoising,
calibration, or classification models [23,24]. In SPR and
RWG workflows, thresholds enter drift correction,
refractive-index recovery, limit-of-detection estimation,
contact-map  construction, and acceptance of
wavelength-shift or sensorgram traces [25]. In DHM
and quantitative phase imaging, thresholds affect
Fourier-domain filtering, phase-map acceptance, cell/
background segmentation, and reconstructed feature
extraction; automatic histogram-optimized procedures
can reduce manual bias but still require validation
against controls or ground truth [26,27]. Thresholds
should therefore be reported as integral preprocessing
parameters, tied where possible to instrument noise,
calibration standards, or physically meaningful signal-to-
noise criteria and tested by sensitivity analysis. This is
especially important when downstream inference
models are trained on thresholded representations,
because threshold choices can strongly influence esti-
mated feature distributions or biophysical-parameter
distributions of samples.

Inference-oriented ML transforms measured or recon-
structed data into biologically or biomechanically inter-
pretable outputs. In SERS, this includes intracellular
stress readouts [9], metabolite-gradient inference
around living cells [28], and SERS nanoendoscopy or
optophysiology for cell-proximal biochemical sensing
[29]. In SPR and related plasmonic refractometric
sensing, inference mainly concerns biomolecular bind-
ing, receptor interaction, biomarker response, and
sensorgram-pattern interpretation [2,3]. In RWG, ML is
applied for time-series and spatial adhesion-kinetic
single-cell classification [17,30] and, when paired with
direct force references, calibration of adhesion-force
variables [31]. In DHM, inference-oriented ML uses
phase maps, masks, morphology time series, and tra-
jectories for microbial tracking, flow-cytometry classifi-
cation, and mechanism-of-action inference [32—235].

The following sections discuss spectral, refractometric,
and image- or video-based workflows along these two
ML roles. The final section considers multimodal
workflows grouped into two categories. In reference-
based calibration, reference domains, fluorescence
labels, or direct force measurements are used to cali-
brate or supervise the interpretation of a primary label-

free signal [11,17,31,36]. In joint multimodal inference,
complementary measurements are fused to estimate
mechanochemical or biomechanically relevant cell
states more robustly than any single readout alone
[28,29,31,34,37,38]. Figure 1 summarizes this frame-
work, and Table 1 compares the corresponding repre-
sentation- and inference-oriented ML roles.

Single-modal workflows

Single-modal workflows are defined as experimental
designs in which one optical platform supplies the pri-
mary data stream and the ML model is constrained by
that platform’s native observable. In the following three
subsections, ML integrations in label-free optical sys-
tems are discussed using three modality-based cate-
gories: spectral, refractometric sensing for interfacial
kinetics, and image- or video-based phase microscopy.

Spectral methods

Spectral sensing methods are represented here by SERS-
based systems, because SERS supplies the chemical
layer of label-free cellular analysis. Early silver-electrode
studies established that Raman scattering from surface-
bound molecules can be enhanced, enabling weak mo-
lecular fingerprints to be detected from small amounts of
material [40,41]. In modern biosensing, this enhance-
ment allows SERS to probe metabolites, intracellular
chemical state, and cell-proximal biochemical gradients
relevant to cellular dynamics [1,28,29,42]. For biome-
chanical phenotyping, SERS reports the biochemical
context in which adhesion, stress response, and drug-
induced remodeling occur, but SERS-derived features
should remain interpreted as metabolic or chemical de-
scriptors unless calibrated against mechanical variables.
The traditional analysis methods of SERS/Raman data
are built around chemically assigned bands, peak in-
tensities or peak ratios, baseline correction, dimension-
ality reduction, and chemometric calibration. Methods
such as PCA, PCA-DA, PLSR, and conventional spectral
preprocessing remain important because they preserve a
direct connection between the measured spectrum and
molecular interpretation. ML-based processing extends
this framework since SERS spectra are high-dimensional
and variable: hot-spot geometry, substrate heterogeneity,
molecular adsorption, matrix background, baseline drift,
and device-dependent shifts can alter the measured
fingerprint before biological interpretation [1,42—44].

Representation-oriented SERS applications include
denoising, baseline correction, and multi-acquisition
enrichment. Zaki et al. developed an explainable SERS
bioquantification framework in which synthetically
contaminated spectra are denoised before quantitative
prediction [10]. Mahmud et al. addressed cross-device
variability by mapping portable-instrument spectra
toward a laboratory-grade reference domain before bac-
terial recognition [11]. Wang et al. used dual-wavelength
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Single-modal representation- and inference-oriented ML across label-free optical sensing technologies. Rows correspond to SERS, SPR, RWG, and
DHM. The first column, A1-D1, illustrates the underlying sensing technology [6]. The second column shows representation-oriented ML, where the
measured signal is denoised, standardized, reconstructed, or converted into a more physically interpretable representation before biological inference.
These include A2, SERS signal denoising [11], B2, SPR/plasmonic refractometric readout recovery [14], C2, RWG image-guided single-cell signal
extraction [17], and D2, DHM hologram reconstruction [8]. The third column shows inference-oriented ML, where measured or reconstructed repre-
sentations are mapped to biological or cellular outputs. These include A3, SERS biochemical-state inference [28], B3, SPRi biomarker-pattern inference
[39], C3, RWG adhesion-kinetic cell-type identification [30], and D3, DHM/holographic-flow-cytometry cell discrimination [34]. Panels are adapted from

the cited works.

and multisubstrate fusion to construct higher-
dimensional SERS fingerprints [12]. Chen et al.
combine SERS nanoprobes with a feature extractor
neural network and a 1D-CNN quantification model to
detect intracellular reactive oxygen species [9]. The
study is notable because the learned representation is
tied to chemically specific SERS features rather than
treated as a generic classifier output. Taken together,
these studies show that representation-oriented ML in
SERS is not only about reducing measurement device-

related artifacts, but about preserving chemically rele-
vant structure while making spectra comparable across
instruments and acquisition conditions.

Inference-oriented SERS models convert spectral fin-
gerprints into biochemical outputs through classifica-
tion, regression, or latent representation learning.
Lussier et al. combined SERS nanoprobes with ML-
driven optophysiology to resolve multiplexed metabo-
lite gradients near living cells, producing a local
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The table summarizes primary readouts, data objects, ML functions, biomechanical relevance, and supporting references for SERS/Raman, SPR, RWG, and DHM workflows.

biochemical-state readout rather than only a diagnostic
class [28]. Chisanga et al. further positioned ML-driven
SERS nanoendoscopy and optophysiology as routes
toward intracellular, extracellular, and in vivo chemical
measurements from complex vibrational spectral data-
sets [29]. These studies make SERS relevant to
mechanobiology when biochemical dynamics are inter-
preted together with adhesion, morphology, or me-
chanical references.

Evanescent-field refractometric sensing for

interfacial kinetics

Surface-integrating optical platforms examine the thin
near-surface region where adsorption, cell attachment,
adhesion, detachment, and cell—substrate interactions
take place. This approach is heavily applied to adhesion-
centered cellular dynamics and biomechanically rele-
vant surface phenotypes modelling. SPR and RWG
provide broad examples for representation-oriented and
inference-oriented analysis. SPR and related plasmonic
platforms convert near-surface refractive-index changes
into resonance shifts, spectra, or kinetic sensorgrams,
while RWG and guided-mode resonant systems extend
near-surface optical sensitivity toward live-cell adhe-
sion, spreading, receptor-mediated signaling, and dy-
namic mass redistribution with increased throughput
[2—5,25,45]. Standard quantitative methods for SPR
and guided-mode systems are based on physically
interpretable optical and kinetic descriptors. In SPR-
type assays, these include resonance-wavelength or
resonance-angle shifts, fixed-wavelength intensity
changes, refractive-index calibration, sensorgram shape,
and Langmuir-type binding models when molecular
interaction kinetics are studied [2,3,13,14,25]. In RWG
and cellular guided-mode sensing, conventional de-
scriptors  include  maximum  wavelength  shift,
wavelength-shift rate, integrated wavelength shift, final
adhesion level, contact area, and fitted adhesion-kinetic
parameters. When paired force measurements are
available, robotic fluidic force microscopy (FluidFM)-
derived adhesion force and adhesion energy provide
direct mechanical reference variables for interpreting
optical adhesion signals [31,45—48].

For SPR and plasmonic refractometric sensing, the goal
of representation-oriented tasks is to recover a stable
physical readout from complex optical responses. Aali-
zadeh et al. demonstrated this principle using full-
spectrum ML modelling for refractive-index sensing,
where principal components from entire spectra were
used instead of a single manually selected resonance
feature [13]. This is a strong example because it sug-
gests that physically relevant sensing information is
distributed across the entire spectral response and can
be recovered more faithfully by learned models than by
peak-tracking heuristics alone. Fasseaux et al. similarly
used ML to recover surface refractive-index dynamics
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Figure 2
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Reference-based calibration and joint multimodal inference workflows for label-free cellular analysis. Panels A and B illustrate reference-based cali-
bration workflows, whereas panels C and D illustrate joint multimodal inference. (a) RWG plus robotic FluidFM: label-free optical adhesion kinetics are
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from complex spectra, converting them into a physically
interpretable surface variable [14]. Single-cell RWG
platforms transform raw sensor response into reproduc-
ible contact maps or single-cell descriptors before
adhesion kinetics can be interpreted biologically, which
requires drift handling, extraction of spatially localized
signals, and correction for baseline and coating-
dependent variation [15—17].

Inference-oriented ML uses SPR- and RWG-based sys-
tems to infer biological behavior from near-surface dy-
namics. In SPR, this is most established for biomolecular
binding, receptor interaction, biomarker sensing, and
kinetic response analysis, where ML supports classifi-
cation, regression, or response-pattern interpretation
from sensorgrams and spectral responses [2,3]. Single-
cell RWG provides living-cell mass redistribution and
adhesion-centered phenotyping [4,5]. High-resolution
optical adhesion-kinetic data enabled label-free single-
cell cancer classification [30], and phase-contrast-
assisted RWG adhesion-contact recording enabled
activity-based cell-type classification from the spatial
distribution of adhesion kinetics [17]. Here, auxiliary
imaging defines cell boundaries before classification,
tying the learned output to spatially localized adhesion
behavior rather than to a bulk-averaged trace alone. The
platform was also used to monitor adhesion kinetics
during evaluation of anticancer potential and selectivity
of natural compounds, supporting models for compound-
response classification and selectivity prediction [49].

These studies also show that mechanical references
matter for interpreting refractometric signals. FluidFM
force measurements have also been integrated with
single-cell optical experiments and enable population-
level characterization of adhesion parameters [45,46].
Ungai-Salanki et al. linked adhesion-strength and
contact-density drops in mitotic cells to label-free op-
tical biosensing, and Sztilkovics et al. combined RWG
optical biosensing with robotic FluidFM to monitor
adhesion-force kinetics of living cancer cells [31,47].
These studies capture paired datasets in which optical
adhesion signals can be calibrated against a mechanically
meaningful reference domain. Together, they provide
the basis for relating RWG-type optical readouts to
adhesion force and for estimating biomechanical vari-
ables from refractometric adhesion-kinetic signals [45].

Image-based platforms

DHM illustrates image- and video-based label-free
analysis, where acquired holograms must be computa-
tionally transformed before biological interpretation.
Digital off-axis holography, formalized by Cuche et al.,
provides access to phase, optical path length, volume,
morphology, and trajectories [26]. Recent reviews show
that DHM has become a computational imaging field in
which ML is used both to reconstruct phase represen-
tations and to infer biological states [7,18,22]. These
outputs indirectly describe cellular dynamics such as
morphology, motility, growth, invasion, and population
behavior. Classical DHM and time-lapse image analysis
rely on optical phase reconstruction, morphology de-
scriptors, and mathematical descriptions of cell motion.
Relevant descriptors include cell area, optical path
length, phase volume, dry-mass-related quantities,
centroid displacement, speed, turning angle, directional
persistence, mean-squared displacement, trajectory
confinement, and persistent-random-walk or
anomalous—diffusion parameters [26,32,35,50—52].
These quantities provide an interpretable analytical
layer between raw holograms or phase maps and higher-
level biological conclusions. ML-based reconstruction,
segmentation, tracking, and classification can therefore
be framed as extensions of established phase-imaging
and motility-analysis workflows rather than as re-
placements for them.

Representation-oriented ML is embedded in the DHM
pipeline because the raw hologram is not yet the final
biological representation. ML is used for hologram
reconstruction, phase retrieval, aberration correction,
super-resolution, and robustness to acquisition shifts
[7,8,18—22]. Liu et al. introduced OAH-Net for effi-
cient, physics-guided off-axis DHM reconstruction [8].
Bujagouni and Pradhan addressed out-of-distribution
failure in deep-learning-based off-axis DHM, while
Lin et al. and Galande et al. developed methods for
phase-distortion compensation and physics-aware lens-
less holographic reconstruction [19—21]. Galande et al.
also show that deep reconstruction can remain
constrained by the imaging model rather than operating
as a purely black-box enhancer [21]. Across these
studies, the common output is a corrected phase,
amplitude, or image representation that can then sup-
port later biological analysis.

paired with direct single-cell force measurements, enabling calibration of RWG-derived adhesion signals against adhesion force and adhesion energy
[31]. (b) Single-cell RWG plus phase-contrast microscopy: phase-contrast images provide cell localization and boundary selection, while RWG records
adhesion-contact kinetics; the combined representation is then used for single-cell cancer classification [17]. (¢) Raman spectroscopy plus phase to-
mography: Raman spectra provide molecular fingerprints and phase tomography provides morphophysical cell structure, allowing label-free morpho-
molecular phenotyping of living cancer cells [54]. (d) Raman spectroscopy plus digital holographic microscopy: Raman spectra provide molecular

fingerprints and DHM provides quantitative phase-derived morphology, enabling multimodal discrimination of immune-cell populations such as CD4+ T

cells, B cells, and monocytes [36]. Panels are adapted from cited works.
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Inference-oriented DHM uses reconstructed phase
maps, masks, morphology time series, and trajectories to
extract biological meaning from image-derived dy-
namics. Matthews et al. used DHM and deep learning
for real-time three-dimensional microbial tracking [32].
Ciaparrone et al. combined holographic flow cytometry
with classification for label-free cell discrimination [33].
Sedaghat et al. developed HoloMoA for antimicrobial
mechanism-of-action inference and novelty detection
[53]. Additional DHM/Holomonitor studies extend this
scope to cancer-cell invasion and adhesion-associated
morphodynamics [35]. Here, machine learning applica-
tions provide both image reconstruction and phase
behavior translation into task-specific biological in-
terpretations such as tracking, classification, response
profiling, or invasion-related dynamics.

Directions for multimodal integration
Multimodal workflows address the main limitation of
single-modal label-free analysis: no individual optical
readout captures the full biochemical, adhesive,
morphodynamic, and mechanical state of a living cell. In
this review, two multimodal roles are separated:
reference-based calibration, which uses auxiliary modal-
ities to calibrate or supervise a primary label-free signal,
and joint multimodal inference, which combines com-
plementary measurements to infer biological or biome-
chanical states more robustly. The distinction is useful
because some multimodal studies rely on the second
modality mainly as a training or calibration reference,
whereas others treat both modalities as biologically
informative views that should be interpreted together.

Reference-based calibration includes phase-contrast-
guided extraction of single-cell RWG adhesion signals,
where imaging defines cell boundaries and RWG supplies
adhesion-contact kinetics [17], single-cell RWG-
FluidFM pairing [31], cross-device SERS standardization
[11], and fluorescence-supervised cross-modal learning
for label-free DHM-based virtual staining and viability
analysis [38], where the fluorescent channel provides a
supervision signal that teaches the holographic model a
biologically organized representation for
segmentation and viability inference. In each case, the
auxiliary measurement anchors the interpretation of the
primary label-free readout. These are illustrated in
Figure 2a, b. Reference-based calibration is therefore
best understood as a way to constrain label-free inference
with an external modality whose biological semantics are
clearer than those of the primary signal alone.

Joint multimodal inference links complementary biolog-
ical views rather than only calibrating one readout against
another. Raman spectroscopy can report molecular fin-
gerprints, whereas DHM and phase tomography can
report complementary phase-derived morphology, struc-
ture, and dynamic phenotype information [28,29,36,54].

ML across label-free optical platforms Beres and Horvath 7

Raman was paired with phase tomography for label-free
living-cell phenotyping [54], and with digital holograph-
ic phase signatures for discrimination of immune-cell
populations such as CD4+ T cells, B cells, and mono-
cytes [36]. The study by Bresci et al. is particularly
important because it treats molecular and structural in-
formation as co-equal contributors to the final phenotype
rather than as helper signals for one another [54].
McReynolds et al. provide an earlier proof that Raman and
holographic signatures can jointly improve immune-cell
discrimination [36]. Figure 2c, d illustrate these com-
plementary molecular and morphodynamic readouts.
More broadly, multimodal fusion is most valuable when
the paired modalities resolve different biological axes that
would remain ambiguous if interpreted separately.

Conclusions and outlook

ML for label-free optical analysis of cellular dynamics
and biomechanical phenotypes is best described as a
measurement-to-inference hierarchy. Spectral SERS/
Raman methods provide biochemical context
[1,9—12,28,29,40—44]; evanescent-field refractometric
methods  provide  adhesion-centered  dynamics
[2—5,13,14,17,30,31,35,45,47,49,55]; and DHM pro-
vides phase-derived morphology, motion and growth
descriptors [7,8,18—22,26,32,33,35,50,53]. Within these
single-modal workflows, representation-oriented ML
stabilizes, reconstructs, or standardizes the primary
signal, while inference-oriented ML maps it to cell
states, drug responses, or biomechanically relevant
phenotypes. Multimodal workflows extend this hierar-
chy through reference-based calibration and joint
multimodal inference to improve accuracy of dedicated
modalities or combine information from multiple plat-
form readouts [11,17,28,29,31,33,34,36,38,54].

Looking ahead, progress will depend not only on more
capable ML models but also on better paired multimodal
datasets, stronger calibration strategies, and clearer links
between optical proxies and direct biomechanical refer-
ences [36—38,45,56—59]. Reliable adoption of these
methodologies requires interpretability, standardization,
and experimentally grounded validation. For optical
sensor data processing pipelines, interpretability or
explainability should be treated as part of experimental
validation and as an important focus during model
development [60—63]. This requires direct links from
model behavior to experimentally meaningful observ-
ables: Raman/SERS bands or biochemical contexts,
refractive-index and adhesion-kinetic features, DHM-
derived phase, morphology or trajectory descriptors
[10,17,26,50—53]. The main challenge here is that these
observables may not reflect underlying biological pro-
cesses alone. Instrument configuration, substrate chem-
istry, culture conditions, cell-line history and the different
data processing steps can all introduce domain shifts. A
second challenge is faithfulness or whether the models
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accurately reflect underlying processes: saliency maps,
latent variables or reconstructed images may appear bio-
logically plausible while reflecting acquisition artefacts,
batch effects or unsupported model extrapolation
[60,62]. Practical adoption therefore requires metadata-
rich datasets, external and batch-independent valida-
tion, uncertainty or reliability estimates, and comparison
with orthogonal assays or classical descriptors of
morphology, motility, adhesion, and mechanics [61,62]. In
this sense, interpretability is successful when ML outputs
become experimentally testable biological hypotheses,
not merely high-accuracy classifications. Table 1 provides
a concise platform-by-platform comparison of the roles
discussed here.
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