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Non-invasive detection of Oncostatin M and
TNF-α in a microphysiological chip with
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The detection of disease biomarkers is crucial in biomedical research, diagnostics and personalized medi-

cine. However, challenges still exist for the multiple and simultaneous analysis of different biomarkers due

to their low concentration, the complexity of the biofluids and the presence of multiple interfering com-

ponents. The Surface Enhanced Raman Scattering (SERS) technique combines high sensitivity, specificity,

non-interference by water and compatibility with transparent packaging materials, thus making it suitable

for Organ-on-Chip (OoC) applications. One of the main limitations of SERS is the spectral overlap result-

ing from the binding of different analytes to the substrate, which makes it difficult to identify specific bio-

markers. The proposed approach addresses this limitation by integrating a SERS platform, functionalized

with 3-mercaptopropionic acid (3-MPA), within a microfluidic platform. The carboxylic groups on the

SERS surface can selectively interact with biomolecules by modulating the pH of the medium versus the

isoelectric points of the proteins, thus improving the analyte–surface interaction. The proposed SERS-on-

chip detection system has been optimised for detection in Ham’s F-12K cell culture medium, without

serum supplementation, of two colorectal cancer biomarkers, also known to be involved in epithelial–

mesenchymal transition (EMT): Oncostatin M (OSM) and Tumor Necrosis Factor alpha (TNF-α).
Furthermore, a Machine Learning (ML) classification was exploited to improve data resolution and to limit

the spectral overlap. pH modulation was performed at the chip level with an embedded microfluidic

mixer, without affecting the cell culture chamber, and Raman spectra were acquired through the chip

cover under controlled temperature conditions. Trained on single-biomarker spectra, the models were

tested in complex, realistic scenarios with non-target or both biomarkers. This represents a challenging,

previously unseen scenario during the training phase and is highly relevant for practical applications

where multiple analytes coexist in complex biological matrices, highlighting current limitations in mixture

scenarios.

Introduction

The rapid, label-free detection of biomarkers is essential for
point-of-care (PoC) diagnostics and personalised medicine. It
allows for the timely and minimally invasive assessment of a
patient’s condition directly at the point of care.1 However, the
simultaneous and selective detection of multiple biomarkers
remains difficult due to their low concentrations and the com-
plexity of biological matrices, as well as the low sensitivity and
high detection limit of such devices. In this context, surface-
enhanced Raman scattering (SERS) represents a powerful

analytical technique that offers high sensitivity, molecular
specificity, and compatibility with PoC devices.2 The integration
of SERS with Principal Component Analysis (PCA) and Machine
Learning (ML) algorithms also allows for robust discrimination
between pathological and reference samples, facilitating binary
“on/off” classifications suitable for rapid diagnostic contexts.3

Although this technological architecture has already been pro-
posed in combination with organ-on-chip (OoC) systems for
non-invasive, in situ monitoring of analytes,4–7 the present study
focuses on demonstrating the feasibility of a PoC-oriented SERS
platform capable of reliably detecting specific biomarkers in
complex, serum-free culture media.

Among non-invasive techniques, Raman spectroscopy can
provide unambiguous information about the chemical compo-
sition of different samples, enabling qualitative and quantitat-
ive analyses of each individual sample. An increasingly†The first two authors contributed equally to this work.
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popular variant of Raman microspectroscopy is surface-
enhanced Raman scattering (SERS). SERS is a powerful analyti-
cal technique that uses plasmonic analysis to accurately detect
molecules absorbed or bound to nanostructured metal sur-
faces. It is a powerful and sensitive tool for the detection of
chemical and biological analytes. It is a non-destructive ana-
lysis with high sensitivity, specificity, and accuracy and it rep-
resents a promising tool that can replace the traditional tech-
niques used for the chemical–biological detection of analytes.
SERS typically exploits the Raman signal enhancement of
molecules that are close to plasmonic nanostructures.
Therefore, this technique allows the rapid, simultaneous and
non-destructive identification of several molecules.2 Moreover,
SERS achieves a signal enhancement of over 10 orders of mag-
nitude compared to that of classical Raman microspectro-
scopy, and the electromagnetic effect is the main contributor
to the signal enhancement.8 Gold and silver nanoparticles, as
active nanostructures in SERS substrates, enhance the Raman
signal of different biological components, providing useful
information on cell composition and monitoring specific bio-
logical properties of biological samples.9,10 In addition, the
SERS substrate can be designed and refined for near-infrared
light sources to overcome the autofluorescence of biological
samples and reduce laser damage to living cells. These advan-
tages have encouraged the successful and non-invasive detec-
tion of biological molecules, pathogens, and in vivo cancer
imaging.8,11 However, when analysing complex media (e.g.,
blood, plasma, saliva and urine), obtaining the SERS signal of
the target analyte with sensitivity and accuracy is significantly
hindered. In this context, integration within a microfluidic
device facilitates the generation of a more reliable SERS signal
and a highly effective detection. Moreover, microfluidics
allows the precise control of small volumes of liquid samples,
greatly improving the detection of the SERS signal.12

Furthermore, pH affects protein conformation and surface
charge and therefore it is a critical parameter that can signifi-
cantly influence the interaction between the target and the
active surface.13 It is well known from the literature that the
pH influences the charged substrates such as the effects on
protonation/deprotonation of the terminal functional group,
the different interfacial distribution of ions, the change in the
net charge of ionizable molecules and the modified affinity for
targets.14–16

In the present study, the embedding of a SERS substrate in
a dedicated chamber of the microfluidic chip (Fig. 1) enables
the modification of pH levels directly in the sensing chamber,
without affecting the medium or the integrity of the culture
chamber. Furthermore, the SERS substrate has been functiona-
lized with a self-assembled monolayer (SAM) using 3-mercap-
topropionic acid (3-MPA). Due to its short alkyl chain, 3-MPA
minimizes steric hindrance and positions the analyte close to
the SERS hotspots, thereby maximizing electromagnetic
enhancement compared to longer chain thiols.17 While the
ionizable carboxyl groups of 3-MPA can modulate analyte–
surface interactions through pH tuning relative to the proteins’
isoelectric points, this strategy primarily enhances adsorption

stability and can help reduce spectral overlap. Competitive
adsorption, the intrinsic heterogeneity of SERS hotspots, and
pH-dependent variations in protein charge and conformation
may still contribute to spectral variability.

To enhance signal classification performance in label-free
measurements, Machine Learning (ML) algorithms were
exploited. This synergetic approach adopting microfluidics,
on-chip SERS and machine learning (ML) algorithms allowed
us to detect two target analytes in complex solutions.
Specifically, our device allowed us to detect Oncostatin M
(OSM) and Tumor Necrosis Factor alpha (TNF-α) in F12K
commercial medium in a custom designed microfluidic
device that can host multiple experiments and cell cultures
on a porous PET support (Fig. 1). As a first proof-of-concept,
no cells were included in the system and the medium was
used without fetal bovine serum (FBS) supplementation in
order to avoid introducing additional biological complexity
and focus on validating the sensing platform under con-
trolled conditions.

The present developed chip could be exploited for future
in vitro studies on the induction of epithelial–mesenchymal
transition (EMT), in which OSM is frequently used to stimulate
specific cellular responses, such as the modulation of
mesenchymal markers, the reduction of E-cadherin
expression, and the increase in cell migratory capacity.18

Furthermore, several studies have demonstrated the key role of
OSM in regulating cellular plasticity,19 in the acute inflamma-
tory response, and in fibrosis processes, which suggests poten-
tial implications in various pathologies, such as renal and
chronic inflammatory diseases.20 In this study, a concentration
of 25 ng mL−1 OSM was chosen, a value frequently used in
in vitro studies to ensure an adequate cellular response while
maintaining controlled and reproducible experimental
conditions.19,20 TNF-α is an essential pro-inflammatory bio-
marker whose release varies depending on the cell type, for
example, in microglia, TNF-α has been observed to increase
from approximately 15 pg mL−1 to 74 pg mL−1 within 24 hours
following NF-κB activation.21 In EMT models using epithelial
cells, OSM complexly modulates inflammatory signals. Indeed,
Sarközi et al. reported that OSM interacts with the TNF-α
pathway and contributes to the modulation of cellular plas-
ticity during EMT.22

A significant challenge in the present study, which is based
on a real-time, non-invasive, label-free SERS-based detection
system, was the validation of a limited reusable system.23 After
the detection of the analytes of interest, the SERS platform was
successfully made free from protein residuals, enabling the re-
utilisation of the same device for multiple analysis cycles. The
overcoming of these limitations, as well as the high cost of dis-
posable substrates, strengthens the potential of this measure-
ment tool, making it increasingly suitable for practical appli-
cations. This surface recovery process is mandatory to guaran-
tee continuous monitoring inside the chip, and we will take
this into account despite being aware of the effect. The
authors demonstrated a technical solution to achieve partial
platform reusability, considering that neither the chip can be
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opened nor the substrate can be replaced during the
experiment.

Experimental
Materials and methods

Commercially available Au SERS substrates “SERStrates”, with
an active area of 25 mm2 consisting of approximately 600 nm
height nanopillars on a silicon substrate, were purchased from
Silmeco ApS (Copenhagen, Denmark). Ham’s F-12K (Kaighn’s)

Medium (F12K) and phosphate buffered saline (PBS, liquid,
sterile-filtered, suitable for cell culture) were purchased from
Sigma Aldrich (St Louis, MO, United States). Human
Oncostatin M Recombinant Protein (OSM) (Cat. PHC5015, no.
L0216072020) was purchased from Gibco (Carlsbad, CA, USA).
It was diluted in F12K medium and PBS at a ratio of 1 : 1 to
achieve a final concentration of 25 ng mL−1. Human TNF-α
Recombinant Protein (TNF-α) (Cat. 300-01A, no. L041525) was
purchased from PeproTech (Rocky Hill, NJ, USA). It was
diluted in F12K medium and the diluent buffer from the
Human TNF-α ELISA kit (Cat. 950.090.096, Diaclone SAS,

Fig. 1 (a) 3D design of the developed microphysiological platform. (b) Photograph showing our experimental system for SERS spectrum acquisition
equipped with Peltier-based temperature control (set to 37 °C). (c) Detailed layout of a single module, designed to study the epithelial barrier, com-
prising a cell culture chamber divided into apical and basolateral compartments by a PET membrane and two pre-mix chambers. Upstream of the
mixers, an inlet for the pH tuning solution, enables autonomous pH adjustment in the measurement chambers, where the SERS substrates are
located, without affecting the cell culture. Photograph showing the pH color shift (d) before the addition of the acid solution (e) and after the
addition.
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Besançon Cedex, France) (1× working solution) at a ratio of
1 : 1 to reach a final concentration of 100 pg mL−1.

Concept and layout of the microfluidic platform

Our microphysiological platform (OoC) has been designed to
allow 8 independent experiments and is equipped with 8
double-sectioned chambers with apical and basolateral sides
separated by a 23 micron thick, porous PET membrane
(0.4 micron pores) that allows the seeding and growth of cell
cultures and co-cultures of epithelial and endothelial lines
(Fig. 1). The chip also has two separate mixers for each com-
partment (16 mixers), which allow titration of the medium
coming out of the culture chambers via the auxiliary mixer
input with acidic or basic solutions so that the measurement
can then be performed in a dedicated chamber at optimal pH
(Fig. 1, for the 3D layout of the device). The SERS substrate is
housed in the chamber with a SERS label (Fig. 1b), and it was
illuminated with a 633 nm He–Ne laser from the top cover.
The chip was designed at the CNR-IMM institute and was
manufactured by means of industrial mold-injection tech-
niques using a TOPAS – cyclic olefin copolymer (COC). The
chip is equipped with 40 mini-Luer ports (In, Out, Waste,
Mixers secondary inlet) to allow fluidic connections to flow
controllers or to allow membrane mechanical deflection via
imposed pressure gradients.

Functionalization of substrates

Before functionalization, the commercial gold substrates were
gently rinsed with pure ethanol as a cleaning step. After the
rinsing, a small droplet of DI water was deposited onto the
substrate and left to evaporate. During evaporation, the
surface tension causes the nanopillars to lean towards their
nearest neighbours, thus creating self-assembled “hot
spots”.24 In this case the nanopillars are permanently tilted
prior to analyte exposure. The pre-leading strategy used typi-
cally exhibits an enhancement factor (EF) on the order of 106

for these gold-coated pillar commercial substrates.24

Afterward, carboxyl-terminated self-assembled monolayers
(SAMs) were formed by immersing the cleaned SERS substrate
in a 1 mM solution of 3-MPA in pure ethanol at room tempera-
ture for 24 hours, after previously adjusting the solution’s pH
to 2 using 10% acetic acid (v/v). After the soaking phase, the
substrates underwent a sequential rinsing process, first with
pure ethanol, then with distilled water, and finally with
another rinsing with pure ethanol. The substrates were then
stored in a clean, sealed container. Before use, the substrates
were subjected to another sequential rinsing with pure
ethanol, distilled water, and pure ethanol, following the same
protocol reported above. Representative off-chip spectra of the
bare commercial substrate and the 3-MPA-functionalized sub-
strate are shown in SI (Fig. S1).

Analytes off-chip reference spectra acquisition

To obtain reference spectra and assist in peak assignment for
the target proteins, off-chip control experiments were con-
ducted on 3-MPA functionalized substrates. The analyte solu-

tions were prepared in PBS (pH 7.4) and analyzed on separate
substrates for OSM and TNF-α. Higher analyte concentrations
(OSM 20 μg mL−1; TNF-α 800 pg mL−1) were employed to
enhance Raman signal visibility. For each analyte, spectra were
first recorded from the functionalized substrate alone and
then from the same type of substrate after evaporation of a
droplet of analyte solution. Identical optical settings were used
as in the on-chip experiments. A total of 128 spectra were
acquired per analyte from different spots on the substrates (64
per condition) and processed as described below.
Discriminative Raman shifts were determined through statisti-
cal comparison of spectra, using the natural logarithm of
p-values, and tentatively assigned by referencing literature and
spectral databases. The assigned peaks are listed in Table S1
(OSM) and Table S2 (TNF-α).

On-chip pH tuning experiments

The pH tuning experiments were carried out under controlled
conditions at 37 °C for all acquisitions, directly on-chip by
exploiting the integrated microfluidic mixers. The delivery of
acidic or basic solutions was combined with the medium
stream at controlled flow rate ratios, allowing precise adjust-
ment of the pH in the sensing chamber. The flow rates of the
medium and the titrating solutions were regulated prior to the
spectral acquisitions, ensuring that the desired pH was
reached and stabilized before data collection. The effective pH
of the solution leaving the sensing chamber was experi-
mentally verified. The outlet medium was collected and ana-
lyzed with a benchtop pH meter to confirm the actual pH
achieved after flowing through the sensing chamber. The flow
rates of the acidic and basic inlet streams were fine-tuned
until the desired pH value was measured at the chamber
outlet. This on-chip mixing approach enabled accurate control
of the experimental conditions without affecting the culture
chamber. Between consecutive acquisition sets performed on
the same SERS substrate, the sensing chamber was partially
regenerated by flushing the microfluidic channel network with
80% (v/v) acetone for 20 min, followed by flushing with
medium until complete removal of residual solvent prior to
resuming spectral acquisition.

Enzyme-linked immunosorbent assay (ELISA)

Enzyme-linked immunosorbent assay (ELISA) was performed
to quantitatively evaluate the amount of OSM and TNF-α
bound to the SERS substrates before and after the acetone
washing step. SERS substrates were functionalized following
the protocol described above. For TNF-α detection, functiona-
lized SERS substrates were exposed to TNF-α for 45 min and
subsequently treated with 100 µL of biotinylated anti-TNF-α
antibody for 3 h. The substrates were then incubated with
100 µL of horseradish peroxidase (HRP)-conjugated streptavi-
din for 30 min. Colorimetric detection was initiated by adding
100 µL of 3,3′,5,5′-tetramethylbenzidine (TMB) solution. The
reaction solution was carefully aspirated and transferred to a
standard 96-well plate, and the absorbance was measured at
450 nm according to the manufacturer’s instructions.
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Analogously, SERS substrates were exposed to OSM for 45 min,
incubated with 100 µL of biotinylated anti-OSM antibody for
1 h and then with 100 µL of HRP-conjugated streptavidin for
45 min. After the addition of 100 µL of TMB solution, the reac-
tion solution was transferred to a 96-well plate and absorbance
was recorded at 450 nm. To evaluate protein removal, the SERS
substrates exposed to TNF-α or OSM were washed with 80%
(v/v) acetone and the ELISA procedure was repeated following
the same protocol. ELISA experimental results are reported in
the SI.

XPS measurement setup

X-ray photoelectron spectroscopy (XPS) measurements were
performed using a Phoibos150 (Specs) photoelectron spectro-
meter with an Al Kα source (1486.61 eV) operating at 200 W
and 15 kV on bare and functionalized SERS substrates, follow-
ing the protocol described above. Base pressure in the analysis
chamber was 7 × 10−9 mbar. Wide scans and detailed spectra
were acquired in fixed analyser transmission mode, utilizing a
pass energy of 100 eV and a 1 eV step for the survey scan, while
for high-resolution spectra, a pass energy of 30 eV and a 0.05
eV step were used. The spectra were processed using CasaXPS
software, Version 2.3.26PR1.0. The binding energy scale was
referenced to the adventitious C 1s peak (284.8 eV).

SERS measurement setup

SERS spectra were recorded using a Raman microspectroscopy
system consisting of an imaging spectrometer (iHR320 from
Horiba Jobin Yvon, with a Syncerity cooled detector) coupled
to a Zeiss Axio Imager M2 (Carl Zeiss Microscopy, LLC, White
Plains, NY, USA). The setup was equipped with a 633 nm He–
Ne laser operating at a power of 17 mW and a 200 μm entrance
slit for the spectrometer (Fig. 2). A diffraction grating with
1800 grooves per mm was employed. Raman measurements
were acquired using LabSpec 6.7 Spectroscopy Suite Software
(Horiba Jobin Yvon). Before each use, the spectrometer was

calibrated using a silicon wafer. The Raman spectra were
recorded by focusing the laser on the gold substrates, acquir-
ing data from an 8 × 8 point grid using a 20× objective in the
Raman shift range from 600 to 1800 cm−1 (5 s integration
time, 3 accumulations).

Data analysis

The acquired spectra were pre-processed and analyzed using
Microcal Origin Pro 2023 software. This involved removing
random cosmic ray peaks, followed by the application of a
Savitzky–Golay filter with a second-order polynomial and a
50-point window. Baseline correction was then performed
using the Asymmetrical Least Squares Smoothing algorithm
with a smoothing factor of 4, effectively reducing external
influences like autofluorescence. Finally, Standard Normal
Variate (SNV) normalization was applied to the acquired
spectra.25–27 The data were analyzed by Principal Components
Analysis (PCA), and the spectra were represented along the
first 2 principal components vectors in the score plot. The
examination of the scores provided information on the group-
ing and separation of spectra according to experimental con-
ditions, while the loading plots were used to identify the
Raman shifts that contributed most to the observed variance
and class separation. These features correspond to the wave-
numbers most responsible for discriminating between spectral
classes.28 The Peak Analyzer tool in OriginPro software was
used to determine and mark both ordinary and hidden peaks.
Then, the second-order derivative of each data point was calcu-
lated, followed by the application of quadratic Savitzky–Golay
smoothing with a polynomial order of 2 and a window size of
5 points. Hidden peaks were identified by the presence of local
maxima in the second-order derivative. To remove non-signifi-
cant and randomly occurring peaks, we filtered those pre-
viously extracted based on their frequency of occurrence, con-
sidering a peak valid for each measurement set only if it
appeared in at least half of the measurements within that set.

Fig. 2 Experimental setup for SERS analysis: a 633 nm He–Ne laser illuminates the sample through the microscope, while the scattered signal is
filtered using a notch filter and directed to the iHR320 imaging spectrometer for Raman spectrum acquisition (Calogiuri et al., (2024)7).
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The significance of differences in the Raman signal between
the different conditions was evaluated using an unpaired two-
sample Student’s t-test, with a significance threshold set at 1 ×
10−8. To highlight the discriminative Raman components, a log-
arithmic plot of the calculated p-values for each Raman inten-
sity in the entire considered spectral range was generated.29,30

The extracted features were ranked by importance coeffi-
cients extracted by the training of a Linear Discriminant
Analysis (LDA) and a linear SVM algorithm and then sub-
sequently selected to obtain the optimal number of features
that maximize the performance of the model.31–34 Each acqui-
sition was labelled and then randomly divided into two
subsets:35 80% of the dataset was used as a training set and
20% of the dataset was used as a testing set. 10-Fold cross-vali-
dation for the validation step was chosen to avoid overfitting
and the main hyperparameters used are shown in Table 1.

Subsequently, the classifier was tested using one-fold, while
the remaining k − 1 folds were employed for training. This pro-
cedure was repeated k times, ensuring that each fold was used
once as the test set.36 This approach guarantees that every
peak set in the dataset is utilized for both training and testing.
The training accuracies, defined as the ratio between correctly
classified spectra and the total number of spectra in the
corresponding validation subset, were calculated as the
average of the results obtained on the 10% of the training data
held out during each iteration for testing.

Results and discussion
Functionalization assessment

Atomic Force Microscopy (AFM) measurements were carried
out to verify changes in surface topography following 3-MPA
functionalization. Gold nanostructured surfaces of the sub-
strates have been functionalized by 3-MPA to form highly
ordered SAMs with free carboxyl terminal groups. From AFM
analysis (Fig. 3), it can be noted that the change of surface con-
formation due to 3-MPA functionalization modifies the surface
morphology. Specifically, surface roughness is modified in a
very remarkable way. Before golden surface functionalization
(Fig. 3a) the roughness (Rq) is equal to 200 ± 16 nm. When the
sample is treated in MPA (Fig. 3b) the roughness decreases,
reaching a value of 130 ± 8 nm. This flattening could be inter-
preted as a sort of self-assembled connection among the nano-
pillars when MPA is adsorbed on gold in the acid medium
through hydrogen bonds or electrostatic interaction.37 The
observed change in roughness could confirm the formation of
a self-assembled layer of 3-MPA. Therefore, AFM provides sup-
portive morphological evidence of surface modification.

Table 1 Main hyperparameters of the ML models used in this work
with a split ratio of 80/20

Model Hyperparameter Value

Quadratic SVM Kernel Poly
Degree 2
C 1
Coef0 1
Gamma Scale

Cubic SVM Kernel Poly
Degree 3
C 1
Coef0 1
Gamma Scale

Linear discriminant analysis Solver 1
Shrinkage None
n_Components None
Tol 0.0001

Fig. 3 (a) Gold surface before the functionalization process; (b) gold surface after functionalization with 3-MPA.
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XPS was used to assess the surface chemistry and the uni-
formity of the Au film. The investigated spectrum of bare gold
is shown in Fig. 4a, where the spectral signatures, attributed to
all expected elements, namely Au, C, and O, can be observed.
Au was found to be the most abundant element. While the C1s
and O1s peaks were ascribed to the natural surface hydro-
carbon contamination of all samples exposed to air. The
adsorption of 3-MPA on the gold surface was confirmed by the
high resolution spectra of C1s and S2p. Fig. 4b shows XPS
spectra of the C1s region for the 3-MPA/Au surfaces. It evi-
dences the presence of characteristic peaks for the –CH2 (284.8
eV), C–S (286.3 eV) and CvO (288.4 eV) groups.38 While the
high resolution S2p spectrum (Fig. 4c) displayed two doublets:
a more abundant one, attributed to the covalently bonded Au
thiolate (BES2 p3/2 = 162.3 eV), and a second one, attributed
to the physisorbed thiolate (BES2 p3/2 = 163.6 eV).39 This con-
firms the adsorption of 3-MPA on the gold surface. XPS ana-
lysis was also performed on the SERS substrates, following
acetone washing, in order to provide a more comprehensive
assessment of surface regeneration at the chemical level
(Fig. S2).

PCA results of a bare SERS substrate

The study initially evaluated the performance of unfunctiona-
lized SERS substrates for the detection of OSM in F12K
medium, focusing on the analyte at a chosen concentration
(25 ng ml−1). A total of 128 Raman spectra were subsequently
acquired from different locations on the same functionalized
SERS substrate, including 64 measurements with the F12K
medium and 64 after the addition of OSM. After a preproces-
sing step, these spectra were compared using an unpaired two-
sided Student’s t-test performed on each Raman peak inten-
sity, with a significance threshold set at p < 1 × 10−8 and p < 1
× 10−4.29 As shown in Fig. 5a, adopting the more stringent
threshold, no significant differences were observed for any of
the analyzed Raman shifts, and only a single significant shift
was identified at a lower threshold. This result is attributed to
the spectral overlap caused by interfering components in the
culture medium, which reduced the signal specificity and pre-
vented accurate resolution of the target analyte’s Raman signa-
tures.40 To further investigate the spectral overlap and its

impact on distinguishing the presence of OSM, PCA was per-
formed on the acquired Raman spectra.41

As shown in Fig. 5, the PCA score plots illustrate the
relationships among the principal components PC1, PC2, and
PC3. Specifically, Fig. 5 includes scatter plots of PC1 vs. PC2
(Fig. 5b), PC1 vs. PC3 (Fig. 5c), and PC2 vs. PC3 (Fig. 5d),
which collectively represent the distribution of variance within
the dataset. The explained variance for the first three principal
components accounts for a total of 35.2% of the dataset var-
iance. Despite this, the principal components failed to clearly
separate the spectra of the F12K medium from those with the
addition of OSM, indicating that key spectral features can be
attenuated, too narrow or obscured by noise and interference
from medium components.

Identification of analyte fingerprints with 3-MPA
functionalized substrates and high analyte concentrations

To improve the specificity of the analysis, a subsequent off-
chip study as a reference control, focusing on the identifi-
cation of Raman peaks with tentative assignments for both
OSM and TNF-α, has been carried out. To further enhance the
sensor’s performance, the SERS surface was functionalized
with 3-MPA to increase selectivity and analyte binding stabi-
lity.42 This functionalization aimed to reduce noise from the
F12K medium, thereby allowing for more accurate and stable
Raman signatures.38 Therefore, a droplet of analyte solution
was deposited onto the functionalized substrate and left to
evaporate completely prior to spectral acquisition.

To amplify the Raman signals corresponding to the target
molecules, higher analyte concentrations were exploited (OSM
= 20 µg ml−1; TNF-α = 800 pg ml−1). For each analyte, spectra
were acquired from a different functionalized SERS substrate,
recording a total of 128 spectra per condition from different
spots of the same substrate (F12K medium, n = 64; F12K +
analyte, n = 64). The acquired spectra were then processed
using the previously described preprocessing workflow. As
illustrated in Fig. 6a and b, to identify the Raman peaks corres-
ponding to OSM and TNF-α, examination of the natural logar-
ithm of p-values calculated for each Raman shift was con-
ducted. This method prioritized spectral regions where differ-
ences between the groups (F12K vs. F12K + analyte) were stat-
istically significant, thus emphasizing variations induced by

Fig. 4 (a) Survey spectrum of bare gold with elemental signal assignments; (b and c) High-resolution spectra for C 1s and S 2p regions are reported
with the curve-fitting results and peak component attributions.
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the presence of the analyte rather than background signals of
the medium.29 Peaks with high logarithmic p-values were con-
sidered candidates for tentative assignments. This strategy was
adopted to emphasize statistically robust features, avoiding
reliance exclusively on the average spectrum, which could
obscure slight but meaningful differences. Positive peaks were
identified from each acquisition by determining local maxima
in the spectra and using the second derivative method,
coupled with a quadratic Savitzky–Golay smoothing (window
size of 5), to enhance peak detection while minimizing
noise.43,44 Each peak’s intensity at its corresponding Raman
shift was extracted, and only peaks occurring in at least 50% of
the measurements for each condition (32 out of 64 spectra for
each condition) were retained. Tentative assignments for these
peaks were performed by comparing the observed Raman
shifts with reference databases and literature values for func-
tional groups, characteristic of OSM and TNF-α.45–47 However,
it should be acknowledged that the direct correspondence

between Raman and SERS spectra must be interpreted with
care, as factors such as molecular orientation, surface adsorp-
tion, and hotspot heterogeneity can induce peak shifts or
intensity variations.48 The peaks with −log(p-value) ≥ 8 were
correlated with possible molecular vibrations, characteristic of
the examined protein. A total of 24 peaks for OSM and 29 for
TNF-α were respectively assigned and are presented in Tables
S1 and S2, which list the corresponding Raman peaks and
their associated molecular vibrations. It should also be noted
that some of these spectral regions may also overlap with
vibrations arising from components of the F12K culture
medium such as free amino acids, lipids, and vitamins.
However, the statistical approach adopted here isolates wave-
numbers that significantly vary in the presence of the analyte,
ensuring that the detected changes reflect analyte–surface
interactions rather than the medium background. Some of the
most interesting peaks found for OSM were in the region
ranging from 680 to 850 cm−1, characterized by a series of

Fig. 5 (a) Comparison of average Raman spectra acquired with unfunctionalized SERS substrates for F12K medium and F12K + Oncostatin M (25 ng
ml−1). Shaded areas represent the standard deviation. The blue line indicates the natural logarithm of p-values calculated for each Raman shift. No
significant differences between the two groups were found. Principal Component Analysis (PCA) score plots of Raman spectra acquired with
unfunctionalized SERS substrates for F12K medium [black dots] and F12K + Oncostatin M (25 ng ml−1) [red dots]. Scatter plots show (b) PC1 vs. PC2,
(c) PC1 vs. PC3, and (d) PC2 vs. PC3.
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closely spaced and overlapping peaks. These can be associated
with amino acids such as methionine, serine, tryptophan,
proline, hydroxyproline and glutamine.45,46 Additionally, peaks
at 1573, 1579, and 1593 cm−1 can be related to amide II
vibrations, reflecting the protein’s secondary structure.
Moreover, peaks at 1678, 1683, and 1692 cm−1 were mainly
attributed to amide I,46,47 highlighting the protein’s structural
complexity and amino acid composition. Similarly, the most
statistically significant differences among the spectra acquired
for TNF-α were observed at various shifts, including 661 cm−1

associated with cysteine, 722 and 738 cm−1 linked to sulfur-
containing amino acids,45 877 cm−1 assigned to hydroxypro-
line,45 and a series of overlapping peaks in the region from
1653 cm−1 to 1697 cm−1, possibly corresponding to the amide
I vibrations of proteins, which are primarily associated with
the CvO stretching of the peptide backbone.47

Enhanced discrimination capabilities of 3-MPA functionalized
substrates with target concentrations

To further investigate the limitations of the bare SERS sub-
strate and assess the impact of SAM functionalization, a com-
parative analysis was conducted exploiting the same experi-
mental conditions of the bare SERS substrate analysis (pre-
vious section).38,49 As in the previous analysis, 128 Raman
spectra were subsequently acquired from different locations on
the same functionalized SERS substrate (64 for F12K medium
and 64 for F12K medium with OSM at 25 ng ml−1) and pro-
cessed with the same pipeline. Fig. 7a presents the mean
spectra and standard deviations for the two groups (F12K
medium and F12K + OSM) obtained with the functionalized
SERS substrate. Additionally, the natural logarithm of the
p-values from a two-sided unpaired Student’s t-test is plotted,
highlighting spectral regions with significant differences
between the groups. The functionalized substrate exhibited
clear improvements in spectral discrimination. The log-trans-
formed p-values revealed several regions with highly signifi-
cant differences (−log(p-value) ≥ 8), indicating that the
functionalization enhanced the resolution of Raman peaks
corresponding to OSM (Fig. 5 vs. Fig. 7). Statistically significant

differences were observed in regions such as 700–850 cm−1

and 1200–1700 cm−1, corresponding to molecular vibrations of
amino acids,45,46 and structural elements of the protein (e.g.,
amide and disordered structure signals).46,47 These differences
were either undetectable or masked in the unfunctionalized
spectra.

To complement the spectral analysis, PCA was conducted
on the spectra previously acquired. As illustrated in Fig. 7, the
percentage of variance explained by the first three principal
components (PCs) was comparable to the unfunctionalized
case: PC1 accounted for 12.6%, PC2 for 12.5%, and PC3 for
9.9%, with a cumulative explained variance of 35.0%. Despite
the similar variance distribution, the score plots revealed an
improved class separation for the functionalized substrate. A
slight separation between the two classes was visible in the
PC1 vs. PC3 (Fig. 7c) plot, whereas the PC2 vs. PC3 (Fig. 7d)
plot exhibited a more pronounced separation.

OSM detection enhancement by pH tuning

The pH is a critical parameter that can significantly influence
the spectroscopic measurements of biomolecules such as OSM
and TNF-α. This effect is evident through various mechanisms,
including alterations in protein conformation, surface charge,
and interactions with functionalized SERS substrates.14,15

Since many biomolecules contain ionizable functional groups,
changes in pH can affect their physicochemical behaviour,
thus modulating both biomolecules and surface functional
groups, as well as their Raman fingerprints.50–52

In this study, pH optimization was exploited to maximize
the specificity and intensity of the Raman signals for OSM and
TNF-α. Different pH conditions were examined with the
purpose of reducing noise from the F12K medium and enhan-
cing the resolution of Raman peaks attributed to the analyte.
Two sets of measurements were obtained from the same SERS
substrate under the same conditions as the previous analysis,
each consisting of 128 consecutive acquisitions separated by a
wash in acetone for 20 minutes, resulting in a total of 256
spectra for each pH. The analyzed pH values for OSM were
selected within a range spanning from its isoelectric point

Fig. 6 Average Raman spectra acquired with 3-MPA functionalized SERS substrates for (a) F12K + OSM (20 µg ml−1) and (b) F12K + TNF-α (800 pg
ml−1). The natural logarithm of p-values calculated for each Raman shift is shown to identify peaks corresponding to the target analytes.
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(10.6) and the apparent surface pKa of 3-MPA. The apparent
surface pKa of 3-MPA varies with the roughness of the gold
substrate, shifting by up to four units compared to its value
(4.3) in free solution,53 aiming to enhance the analyte binding
to the substrate based on theoretical considerations of proto-
nation and deprotonation, according to previous studies.54,55

At pH values below the protein’s isoelectric point, OSM is pre-
dominantly protonated and positively charged, whereas at pH
values above the pKa of 3-MPA the terminal carboxyl groups
deprotonate, imparting a negative charge to the substrate. This
complementary charge distribution enhances electrostatic
interactions, thereby leading to the most effective analyte
binding. Such behaviour is demonstrated by research studies
showing that protein adsorption and orientation on gold elec-
trodes are highly sensitive to pH variations14 and by theoretical
models that attribute shifts in the apparent pKa of carboxyl-ter-

minated self-assembled monolayers to coulombic interactions
and hydrogen bonding16 In addition, investigations on poly-
meric substrates have demonstrated that pH not only influ-
ences the protein adsorption but also alters the orientation
and thickness of the adsorbed protein layer,15 while studies on
potential-driven deposition confirm that manipulating the
ionization state of 3-MPA monolayers via applied potential can
further optimize the electrostatic assembly.56 Five of the ana-
lyzed pH values (8.5, 7.8, 7.4, 6.8, and 6.4) fall within this
range, while pH 4 was deliberately chosen as an out-of-range
condition to assess its impact on the analyte’s spectral behav-
iour. The processed spectra were analyzed by PCA to investi-
gate the effect of pH on the spectral features and to assess the
influence of pH on the analyte–substrate interaction.

PCA analysis of the processed spectra revealed distinct spec-
tral variations across the pH conditions. As shown in Fig. 8,

Fig. 7 (a) Comparison of average Raman spectra acquired with 3-MPA functionalized SERS substrates for F12K medium and F12K + Oncostatin M
(25 ng ml−1). Shaded areas represent the standard deviation. The blue line indicates the natural logarithm of p-values calculated for each Raman
shift. Significant differences between the two groups were found. Principal Component Analysis (PCA) score plots of Raman spectra acquired with
3-MPA functionalized SERS substrates for F12K medium [black dots] and F12K + Oncostatin M (25 ng ml−1) [red dots]. Scatter plots show (b) PC1 vs.
PC2, (c) PC1 vs. PC3, and (d) PC2 vs. PC3.
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the score plots of the first two principal components indicate
the most pronounced separation between the medium and the
medium supplemented with OSM at pH 6.8 (Fig. 8c) and pH
8.5 (Fig. 8f). In addition, it is worth noting that the PCA
results and the absence of a monotonic trend may reflect the
measurement sequence (including the intermediate acetone
washing/regeneration step) as well as chip-to-chip variability
across the tested pH conditions. Furthermore, because SERS
preferentially probes moieties closest to the surface and within
hotspots, small pH-driven changes in adsorption geometry
and proximity can produce non-proportional spectral differ-
ences that obscure smooth pH trends in PC1–PC2, which may
instead be captured in lower-variance components, partially
masking part of electrostatic contribution.8,10,46 The presence
of two apparently distinct groups suggests that the acetone
washing step could enable the system to partially return to
initial conditions, thus allowing a second consecutive
measurement to be carried out almost under comparable con-
ditions. The failure to fully return to the initial conditions
could indicate that bound molecules have not been removed
completely or that SAM performances decreased during regen-
eration. ELISA tests carried out on OSM or TNF-α functiona-
lized SERS substrates confirmed that the acetone washing step
partially removes adsorbed proteins, thus enabling the reuse
of the device (see the SI).

TNF-α detection enhancement by pH tuning

Following a similar approach to that employed for OSM, we
investigated the effect of pH on the SERS response to TNF-α,
aiming to maximize the specificity and intensity of the pro-

tein’s Raman signals. For this set of measurements, the TNF-α
concentration in the F12K medium was 100 pg ml−1, and the
examined pH values spanned from 4.0 to 8.0 including the pKa

of 3-MPA (5.2) and the isoelectric point of TNF-α (6.4), mirror-
ing the experimental design already discussed for OSM while
focusing on the specific behaviour of TNF-α. For each pH con-
dition, two consecutive sets of measurements were acquired
on the same SERS substrate, separated by an acetone wash, for
a total of 256 acquisitions.

As shown in Fig. 9, which shows the PCA results, a clear
separation between the F12K (control) and F12K + TNF-α
groups was not consistently observed across the tested pH con-
ditions, despite following the previously reported preproces-
sing pipeline. However, a moderate improvement in class sep-
aration emerged at the isoelectric point (pH 6.4, Fig. 9d), as
well as at pH 7.0 (Fig. 9e) and 7.7 (Fig. 9g). In these cases, the
PCA score plots revealed partially distinct clusters, although
the explained variance of the first few principal components
remained in the same range as previously found for OSM. As
in the case of OSM, the PCA results suggest that acetone
washing may partially restore the substrate for repeated acqui-
sitions, and indeed no clear distinctions could be observed
between spectra acquired before and after washing.

Machine learning algorithm for identification of OSM and
TNF-α above the cut-off concentrations

To develop a non-invasive PoC tool for improving on-chip
antigen detection, these results were fed into a supervised
classification algorithm in order to identify if OSM and TNF-α
were above the cut-off concentrations (OSM/25 ng ml−1 and

Fig. 8 PCA score plots of Raman spectra acquired with 3-MPA functionalized SERS substrates for F12K medium [black dots] and F12K + OSM [red
dots] at different pH values: (a) pH 4, (b) pH 6.4, (c) pH 6.8, (d) pH 7.4, (e) pH 7.8, and (f ) pH 8.5. The score plots of the first two principal components
indicate the most pronounced separation between the medium and the medium supplemented with OSM at pH 6.8 (c) and pH 8.5 (f ).
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TNF-α/100 pg ml−1). This binary discrimination strategy,
although simplified, reflects a clinically oriented point-of-care
readout, rapidly indicating whether critical thresholds have
been reached, and represents a first step toward more
advanced quantitative models for continuous monitoring in
future organ-on-chip applications. Furthermore, this study was
conceived as a proof-of-concept to assess discriminative capa-
bility at representative biomarker concentrations. Accordingly,
a full analytical characterization is beyond the present scope
and will be addressed in future work.

OSM classification – linear support vector machine (SVM) and
linear discriminant analysis (LDA) results

Details of the data processing workflow are reported in the SI,
paragraph “OSM classification – Linear Support Vector
Machine (SVM) and Linear Discriminant Analysis (LDA) data
processing”.

As shown in Tables S3 and S4, models trained with features
ranked using LDA exhibited a consistent improvement in accu-

racy as the number of features increased, reaching optimal
classification performance with the top 100 features, particu-
larly at pH 6.4, 6.8, and 8.5. Similarly, models utilizing SVM-
ranked features generally benefit from an enlarged number of
features but sometimes achieve comparable or superior accu-
racy with the top 40 features in both validation and test
phases. However, slight declines in test accuracy were noted
for SVM ranking models at pH 6.4 and 8.5. Confusion matrices
for the OSM detection models with the highest accuracy in the
test phase are also shown in Fig. S3 and S4.

Both approaches identified pH 6.8 and 8.5 as optimal con-
ditions for classification, while pH 4 consistently yielded the
lowest accuracy in both rankings, highlighting its limitations
in providing distinguishable Raman signatures for effective
discrimination. The loading plots of the first three principal
components, as shown in Fig. S5, provide insight into the
Raman shifts contributing to class separation for OSM detec-
tion at pH 6.8, further validating the peaks selected for model
training. As shown in Fig. S5, PC1 captures stable structural

Fig. 9 PCA score plots of Raman spectra acquired with 3-MPA functionalized SERS substrates for F12K medium [black dots] and F12K + TNF-α [red
dots] at different pH values: (a) pH 4.0, (b) pH 5.2, (c) pH 5.8, (d) pH 6.4, (e) pH 7.0, (f ) pH 7.4, (g) pH 7.7, and (h) pH 8.0.
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features of OSM, primarily associated with peaks at 805, 895,
1004, and 1450 cm−1, which correspond to aromatic amino
acids and CH2 bending. In contrast, PC2 reflects, emphasizing
peaks at 733, 763, 969, 1573, and 1579 cm−1, linked to C–S
stretching, tryptophan, and C–C stretching. Meanwhile, PC3 is
associated with peaks at 919, 1032, 1678, and 1685 cm−1,
linked to proline, hydroxyproline, CH2CH3 bending modes,
and amide I vibrations. These vibrations reflect pH-dependent
structural rearrangements, particularly in secondary structure
elements. Additionally, several peaks, including 688, 823, 852,
1202, and 1692 cm−1, are shared across PCs, underscoring the
role of proline, tyrosine, and amide I vibrations in capturing
the pH-sensitive dynamics of OSM. These findings suggested
that pH 6.8 for OSM provides optimal conditions for enhan-
cing spectral resolution and improving classification accuracy.

TNF-α classification – linear support vector machine (SVM)
and linear discriminant analysis (LDA) results

Details of the data processing workflow are reported in the SI,
paragraph “TNF-α classification – Linear Support Vector
Machine (SVM) and Linear Discriminant Analysis (LDA) data
processing”. As shown in Tables S5 and S6, the best test accu-
racy was observed at pH 5.2, followed by pH 4, which showed
significantly higher training results. In contrast, pH 8 consist-
ently yielded the lowest test accuracy, followed by pH 7.7 and
pH 5.8. A significant improvement in classification perform-
ance was observed with SVM-ranked features, as higher test
accuracies were recorded across nearly all pH values except pH
7.4 and pH 8. Once again, pH 8 was confirmed as the con-
dition with the weakest classification performance. Although
pH 7.4 and pH 5.2 consistently stood out an excellent con-
ditions and pH 7.7 also achieved some of the highest training
and test accuracies. Remarkably, pH 4 yielded the highest
training and test accuracies, achieving perfect classification
during the test phase and thus confirming its potential to
improve measurement conditions. In addition, confusion
matrices for the TNF-α detection models with the highest accu-
racy in the test phase are shown in Fig. S6 and S7.

The loading plots of the first three principal components
for TNF-α detection at pH 4, as shown in Fig. S8, highlight the
Raman shifts contributing to class separation, further support-
ing the effectiveness of this pH condition. Most of the charac-
teristic peaks of TNF-α are strongly associated with PC1, which
are related to the primary structural features of the protein.
This includes peaks linked to aromatic amino acids, C–C
stretching, and amide I vibrations, reflecting stable confor-
mational elements. Notably, 738, 901, and 907 cm−1 are
uniquely associated with PC1, indicating their relevance in
capturing the core structural identity of TNF-α. In contrast,
PC2 is linked to peaks at 1182, 1202, and 1583 cm−1, corres-
ponding to C–H bending and CvC bending modes.
PC3 highlights vibrational modes at 660, 846, 861, 1101, 1105,
1198, 1202, 1579, 1692, and 1697 cm−1, associated with C–S
stretching, tyrosine, phenylalanine, and amide I vibrations.
Uniquely, 1678 cm−1 is present only in PC3, emphasizing its
specificity in detecting β-sheet structures. Additionally, peaks

at 1182, 1450, 1453, 1457, and 1570 cm−1 are shared across all
three PCs, underscoring their importance in capturing com-
prehensive structural information of TNF-α. These findings
indicate that PC1 is most influential in defining the structural
identity of TNF-α, while PC2 and PC3 contribute to detecting
subtle pH-induced conformational changes.

ML classification performance vs. OSM in F12K medium in
the presence of both antigens

An additional analysis aimed at assessing the model’s perform-
ance at the optimal pH (6.8) while also taking potential batch
effects into account was carried out.57,58 The training set was
populated by measurements acquired from the same functiona-
lized SERS substrate, totalling 384 spectra (64 from F12K
medium and 64 from F12K medium with OSM at 25 ng ml−1,
collected from 3 different sets of measurements). An indepen-
dent batch of 256 subsequent acquisitions, performed on a
second SERS substrate, was exploited as the test set. In this test
set, Class 0 represents spectra obtained in the absence of OSM
and includes both F12K medium (64 acquisitions) and F12K
medium with TNF-α (64 acquisitions). Conversely, Class 1
corresponds to spectra acquired in the presence of OSM, com-
prising both F12K medium with OSM (64 acquisitions) and
F12K medium with TNF-α and OSM (64 acquisitions).57 This
classification strategy was designed to evaluate the model’s
ability to specifically distinguish the presence of OSM, even in
complex biological environments where other analytes, such as
TNF-α in our case, may be present. In this setting, spectra con-
taining interferents were intentionally excluded from the train-
ing phase and used only for testing in order to challenge the
model’s generalization capability under the most demanding
conditions. The peaks of each spectrum were extracted, filtered,
and ranked according to the previously described procedure,
and then considered for further analysis. The LDA and SVM
ranked peaks underwent forward feature selection using a
linear SVM model, which systematically explored combinations
of features to optimize classification performance based on
training accuracy.59,60 To reduce computational effort, only the
top 100 ranked peaks were considered. This iterative process
incrementally evaluated different subsets of features, ranking
their performance to identify those most significant for maxi-
mizing training accuracy. At the same time, the accuracy from
the test phase was also evaluated for each subset.

As shown in Fig. 10, which presents the confusion matrices
for both the training (Fig. 10a) and test (Fig. 10b) phases, the
model, using 65 LDA-ranked features and following hyperpara-
meter optimization, achieved a training accuracy of 85.5% and
a test accuracy of 79.1%, thus demonstrating its robust gener-
alization capability even in the presence of potential batch
effects. These results highlight the model’s effectiveness in
distinguishing between classes under varying experimental
conditions.

Detailed performance metrics, including precision, recall,
and F1-score for both classes, are presented in Table 2, provid-
ing a comprehensive overview of the model’s classification per-
formance. In addition, the resulting optimized hyperpara-
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meters are resumed in Table S7. To further evaluate class-
specific performance, confusion matrices for each condition
are shown in Fig. S9. The linear SVM model effectively distin-
guished OSM at the optimal pH of 6.8 under simpler con-
ditions, achieving high accuracy in the F12K medium without
OSM (87%) and with OSM (97%), demonstrating excellent
specificity and sensitivity. However, performance declined in
the presence of TNF-α, with accuracy dropping to 75% in the
F12K medium with TNF-α and 58% when both TNF-α and
OSM were present.

These findings suggest spectral interference or competitive
adsorption at the SERS surface, leading to overlapping fea-
tures and increased false negatives. The decline in accuracy is
partly due to the model being trained only on spectra without
interfering analytes, limiting its ability to generalize under
more complex conditions. Including interferent-containing
spectra in the training set could improve robustness and
enhance the model’s discrimination capability in complex
biological environments. Despite these limitations, the linear
SVM model demonstrated robust generalization under
simpler conditions, confirming its potential utility for OSM
detection in controlled experimental setups. Moreover,
metrics are reported at the single-spectrum level; in practical
deployments, the sample-level label would be derived by
aggregating multiple spectra by majority voting, thereby
improving reliability.61

ML classification performance vs. TNF-α in F12K medium in
the presence of both antigens

To assess the model’s performance at the optimal pH value
while accounting for potential batch effects, an additional ana-

lysis was conducted. The training set consisted of 256 spectra
acquired from two sets of measurements on the same functio-
nalized SERS substrate, including 128 spectra from the F12K
medium and 128 spectra from the F12K medium sup-
plemented with TNF-α at 100 pg ml−1. A separate test set of
256 spectra was recorded from a second SERS substrate to
evaluate generalization. In the test set, Class 0 represents
spectra recorded in the absence of TNF-α, comprising both the
F12K medium (64 acquisitions) and the F12K medium with
OSM (64 acquisitions). On the other hand, Class 1 includes
spectra acquired in the presence of TNF-α, comprising both
the F12K medium with TNF-α (64 acquisitions) and the F12K
medium with TNF-α and OSM (64 acquisitions). Following the
same procedure described for OSM, the model’s generalization
ability was challenged by excluding interferent-containing
spectra from the training phase and using them only for
testing. After the peaks’ extraction, filtering, and ranking,
forward feature selection was subsequently applied to identify
the optimal subset of features for classification. As shown in
Fig. 11, which presents the confusion matrices for both the
training (Fig. 11a) and test (Fig. 11b) phases, the model, using
55 LDA-ranked features and following hyperparameter optimiz-
ation, obtained a training accuracy of 100.0% and a test accu-
racy of 77.1%, showcasing its high discriminative power,
despite potential batch effects. These results underscore the
model’s ability to distinguish between classes even under
different experimental conditions.

Detailed performance metrics, including specificity, pre-
cision, sensitivity, and F1-score for both classes, are presented
in Table 3, offering a comprehensive overview of the model’s
classification performance.

Fig. 10 Confusion matrices for (a) training and (b) testing of linear SVM classification of OSM at optimal pH. The model used 65 top-ranked features
after sequential feature selection and hyperparameter optimization.

Table 2 Performance metrics of the OSM model obtained at optimal pH. Metrics include train accuracy, test accuracy, specificity, precision, sensi-
tivity (recall), and F1 score

Target pH Model No. of features Specificity Precision Sensitivity F1_score Train accuracy Test accuracy

OSM 6.8 Linear SVM 65 0.81 0.805 0.773 0.789 85.5% 79.1%
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The model’s performance was evaluated through 10-fold
cross-validation, illustrating the high classification accuracy
achieved for both the training and test sets. In addition, the
main hyperparameters after optimization are shown in Table S8.

As shown in Fig. S10, the linear SVM model effectively identi-
fied TNF-α under simpler conditions, achieving 100% accuracy
in the F12K medium and 78% accuracy in the F12K medium
with TNF-α, showing high sensitivity and specificity when no
other analytes were present. However, the model struggled in
the presence of OSM, with accuracy dropping to 52% in F12K
medium with OSM, mainly due to 48% false positives,
suggesting spectral overlap or competitive adsorption between
OSM and TNF-α. Under these critical conditions, the model
often confused the presence of OSM with TNF-α. In F12K
medium with both OSM and TNF-α, the model achieved 75%
accuracy, performing similarly to the condition with TNF-α
alone. Nevertheless, the 25% false negative rate shows that the
model sometimes failed to detect TNF-α when OSM was also
present, likely due to spectral interference. These results high-
light the model’s limitation of being trained without OSM-con-
taining spectra, affecting its ability to generalize in complex
scenarios. Consistent with OSM analysis, increasing the
number of acquired spectra and including OSM-containing
spectra in the training set and optimizing SERS surface
functionalization could improve the model’s ability to dis-
tinguish TNF-α in challenging biological environments.
Furthermore, exploring deep-learning models for Raman/SERS
mixtures (attention/deconvolution and autoencoder-based
unmixing), potentially combined with augmentation and trans-
fer/domain adaptation, could improve robustness in complex
spectra and across batches.62–64 Notably, in operational scen-

arios, rather than relying on single-spectrum predictions,
sample-level decisions could be derived by majority voting,
which may improve reliability beyond a single spectrum.

Comparison between the characteristic Raman peaks of OSM
and TNF-α vs. ML selected features

The identification and selection of Raman peaks for OSM and
TNF-α in the context of this study play a critical role in enhan-
cing the model’s performance and biological interpretability.
By comparing the peaks identified at high analyte concen-
trations (Tables S1 and S2) with those employed in the opti-
mized ML models, valuable insights into the consistency and
relevance of these spectral features were obtained.30 The
identification of common peaks was conducted with a toler-
ance of ±10 cm−1 to account for setup experimental variability
and spectral shifts that can arise from pH variations, mole-
cular adsorption geometry, and local SERS enhancement
effects. This choice was also made because the most signifi-
cant differences between classes are often observed on the
shoulders of larger peaks, where potentially meaningful vari-
ations occur.30 This approach, as shown in Table 4, ensures
accurate and reliable feature selection. For OSM, 21 features of
the optimized model (out of 65 total features) were found to be
common or closely aligned with peaks identified at high
analyte concentrations. These peaks include prominent
Raman shifts at 722, 919, 1063, and 1688 cm−1, among others.
Notably, several of these peaks correspond to molecular
vibrations characteristic of amino acids and protein structural
elements, such as amide and amino acid signals. For instance,
the region around 1688 cm−1, associated with amide bonds of
disordered structures, highlights the importance of protein

Table 3 Performance metrics of the TNF-α model obtained at optimal pH. Metrics include train accuracy, test accuracy, specificity, precision, sensi-
tivity (recall), and F1 score

Target pH Model No. of features Specificity Precision Sensitivity F1_score Train accuracy Test accuracy

TNF-α 4 Linear SVM 55 0.774 0.767 0.767 0.767 100.0% 77.1%

Fig. 11 Confusion matrices for (a) training and (b) testing of linear SVM classification of TNF-α at optimal pH. The model used 55 top-ranked fea-
tures after sequential feature selection and hyperparameter optimization.
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backbone vibrations in the classification model. Similarly,
peaks within the range of 700 to 850 cm−1 are attributed to the
vibrations of methionine, serine, and tryptophan, which are
integral components of the OSM protein’s structure. Also, for
TNF-α, 21 features of the optimized model (out of 55 total fea-
tures) were found to be common or closely aligned with peaks
identified at high analyte concentrations. These peaks include
Raman shifts such as 860, 1204, and 1692 cm−1. Notably, the
peak at 1692 cm−1 aligns with the amide I band, which is
indicative of the amide bond, a prominent feature in TNF-α.
Additionally, peaks in the range of 700 to 900 cm−1, such as
747, 860, and 877 cm−1, are associated with the vibrations of
amino acids like hydroxyproline, tyrosine, and amino acids
containing sulfur. The selective inclusion of these peaks in the
optimized model reflects their contribution to differentiating
TNF-α-specific spectral features from those of the surrounding
matrix. The good overlap of peaks identified in high-concen-
tration studies with those utilized by the ML models demon-
strates the robustness of the feature selection process and
relies on spectral features that are biologically and chemically
meaningful. This consistency enhances the interpretability of
the results, providing confidence in the potential application
of these SERS-based methods for diagnostic purposes.

Conclusion

We developed a label-free SERS-based platform integrated into a
microphysiological chip with embedded pH tuning for the selec-

tive detection of Oncostatin M and TNF-α in Ham’s F-12K cell
culture medium without serum supplementation. The combi-
nation of 3-MPA functionalization and chip-level pH modulation
significantly enhanced spectral discrimination and model per-
formance. The optimal detection conditions were identified as
pH 6.8 for OSM and pH 4.0 for TNF-α, which corresponded to
the most effective analyte–surface interactions and the highest
classification accuracy. Of the tested algorithms, a linear Support
Vector Machine (SVM) achieved the best overall results, with
79.1% test accuracy for OSM using 65 selected features and
77.1% for TNF-α using 55 selected features. These outcomes
demonstrate that coupling SERS signal optimisation with
feature-based machine learning enables reliable biomarker dis-
crimination, even in a chemically complex serum-free medium.
Although this study focused on a simplified culture medium, the
results validate the platform’s potential for future applications
involving more complex biological fluids and on-chip, cell-based
assays. We revealed current limitations under mixed/interferent
conditions while demonstrating reliable single-analyte discrimi-
nation in a chemically complex serum-free medium, highlighting
the platform’s potential for future non-invasive biomarker detec-
tion in organ-on-chip models. The binary readout based on clini-
cally relevant cut-off concentrations provides a rapid response
while also representing a first step toward quantitative
approaches. Future work will extend this strategy to additional
biomarkers and integrate the chip with cellular models, enabling
the real-time monitoring of cytokine secretion and processes
such as EMT in dynamic biological environments.
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The supplementary information contains additional SERS
spectral data, ELISA and XPS validation results, machine learn-
ing methodology details (including feature extraction, model
training, and evaluation), classification performance metrics,
confusion matrices, optimized hyperparameters, PCA analyses,
and supplementary references supporting the main findings
of the study. See DOI: https://doi.org/10.1039/d5an00949a.
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