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A B S T R A C T

Culture and other conventional diagnostic tests are hindered in their practicality as they are time- and labour 
intensive to perform. Point-of-care (POC) are designed for rapid, on-site pathogen detection and are increasingly 
recognized as a crucial tool for timely clinical decisions, especially in clinical settings in which the collection of 
the correct specimen requires invasive procedures, helping in defining effective therapies and optimizing patient 
management, particularly in perioperative settings. Accurate and timely detection of bacterial infection is critical 
for defining effective therapies and optimizing patient management, particularly in perioperative settings. 
Staphylococcus aureus, a leading cause of periprosthetic joint infection, requires rapid and reliable detection in 
order to define proper surgical treatment. We present an innovative portable point-of-care (PoC) device based on 
a fluorescent sensor array for the direct detection of S. aureus, via its secretome, in biological fluids, without the 
need for sample pre-treatment or signal amplification, minimizing false positives. Experimentally trained on 
bacterial supernatants, the sensor array delivers results within 40 min, achieving a low detection limit (102 CFU/ 
mL) and a high selectivity, effectively discriminating S. aureus from other Gram-positive and -negative species. 
With a cost of ~ € 5 per sample, this tool is suitable for clinical as well as decentralized settings. Preliminary 
evaluations in simulated synovial fluid further highlighted its potential in clinical settings.

1. Introduction

Deep infection associated with bone and joint implants are a chal
lenging complication of orthopaedic procedures. Among the causative 
pathogens, Staphylococcus aureus is one of the most common pathogens, 
ranging from 0.7 % to nearly 2 % of cases, depending on the procedure 
and clinical setting. S. aureus, is also associated with the highest treat
ment failure rates. A key factor contributing to its persistence is its 
ability survive intracellularly in phagosomes or in the cytoplasm in 
immune and bone cells, including osteocytes (Kavanagh et al., 2018; 
Davis et al., 2022; Lew and Waldvogel, 2004; Tande et al., 2014; 
Fraunholz and Sinha, 2012; Zelmer et al., 2024; Häffner et al., 2020; 

Gimza and Cassat, 2021; Stracquadanio et al., 2021; Bongiorno et al., 
2021). S. aureus accounts for approximately 35–48 % of 
culture-confirmed surgical site infections and is also a cause of 
post-surgery bloodstream infection. These infections can progress 
rapidly, leading to implant failure, systemic complications, and 
increased mortality. Recurrent and chronic infections, associated with 
treatment failure, occur in up to 46 % of cases. From what sad above, 
early detection of S. aureus, particularly in synovial fluid, is crucial for 
timely therapeutic intervention, which can reduce hospitalization, 
treatment costs, and mortality (Hardtstock et al., 2020). However, 
detecting subclinical or early-stage infections remains challenging due 
to the bacteria’s ability to evade detection, the limitations of current 
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diagnostic methods, and the complex environment of bone and implant 
surfaces.

The main challenges include the low sensitivity of standard cultures, 
biofilm formation, the need for rapid, accurate, and low-cost diagnostic 
tools. Conventional methods, such as blood tests, imaging, Gram stain
ing, culture-based techniques, and automated systems like MALDI-TOF, 
are the current standard but suffer from delayed results (48–72 h), 
suboptimal sensitivity, and an underestimation of infection prevalence 
by up to one-third. These limitations are exacerbated during preopera
tive screening in early-stage infections, when antibiotics have been 
administered (Vilén et al., 2021; Oviaño et al., 2018; Petrucca et al., 
2020), bacterial loads are low, sampling is poor (Sulovari et al., 2021). 
To address these limitations, several emerging technologies have been 
proposed, including 16S rRNA sequencing, real-time PCR, digital PCR, 
flow cytometry, immunofluorescence imaging, and microfluidic plat
forms coupled with isothermal amplification (Chen et al., 2019; Zhao 
et al., 2018; Ivy et al., 2018). Each of these approaches offer distinct 
advantages and drawbacks. PCR- and sequencing-based workflows 
demonstrate high sensitivity, capable of detecting S. aureus DNA in 
culture-negative samples but require labor-intensive workflows and 
lengthy protocols. Digital PCR achieves ultra-low detection limits (~13 
copies/μL) but demands costly instrumentation (Belanger et al., 2025). 
Immunofluorescence imaging and flow cytometry provide rapid results 
(under 30 min) but often lack species-level specificity (Dossou et al., 
2022). Promising strategies include microfluidic devices combined with 
loop-mediated isothermal amplification (LAMP) or integrated 
capture-PCR modules, which can detect live bacteria at concentrations 
as low as 1–10 CFU/reaction within 75 min (Chen et al., 2017). How
ever, most of these techniques, are frequently susceptible to false posi
tives or environmental contamination due to their reliance on massive 
signal amplification systems. In addition, most of these systems remain 
at the prototype stage and require significant optimization for 
real-world use further limiting their practical application.

Optical sensor arrays have recently emerged as a versatile and 
effective platform for bacterial diagnostics (Yang and Zhang, 2023). 
These systems utilize cross-reactive fluorescent dyes or nanomaterials, 
arranged in miniaturized arrays to detect changes in fluorescence pat
terns, which are analysed using chemometric analysis or machine 
learning models. They offer rapid, label-free detection of multiple bac
terial species within minutes, using only microliters of sample 
(Svechkarev et al., 2018). Importantly, combining multiplexing capa
bility, low cost, portability, and field-deploy ability, these platforms are 
particularly well-suited for point-of-care (PoC) applications (Laliwala 
et al., 2022). Array-based sensors offer several advantages: 1) the use of 
organic molecules as fluorescent probes provides enhanced stability; 2) 
fluorometric detection, compared to colorimetric detection, allows 
multiplexing of different chromatic outputs in a single measurement 
(sensor array), facilitating high-throughput analysis with minimal 
sample volumes; and 3) the possibility of training the sensor array using 
multivariate analysis and machine learning to build a robust calibration 
library and improve selectivity (Cavallaro et al., 2024). Advances in 
array design and analytical techniques have made these tools highly 
promising for biomedical applications, including precision medicine.

In this study, we propose a compact, low-cost PoC device based on a 
fluorescent sensor array capable of the rapid detection of the presence of 
S. aureus directly from the analysis of its secretome in complex biological 
samples. The system requires no sample pre-treatment or signal ampli
fication, minimizing false positives. Detection is based on chemo
selective interactions between immobilized probes and bacterial targets 
to generate species-specific fluorescence patterns. These are captured 
via optical fiber and processed using statistical recognition models. Our 
platform delivers results within 40 min, achieves a detection limit of 102 

CFU/mL, and maintains a per-test cost of ~€ 5, making it suitable for 
both hospital and outpatient settings. We describe the design, optimi
zation, and performance evaluation of the system, with focus on its 
ability to reliably discriminate S. aureus from other bacterial species in 

buffer and simulated synovial fluid. The innovation of our device lies in: 
i) Rapid, straightforward analysis, ii) Use of unprocessed samples, 
enabled by synthetic probe chemistry; iii) Low per-test cost; iv) High 
selectivity for the target analyte.

Rather than replacing conventional diagnostics, this system is 
intended to complement them, providing an early detection tool that can 
function at a stage when traditional methods are likely to miss emerging 
infections.

2. Materials and methods

Some of the 20 probes reported in Fig. 1 are known in literature 
(PBEP, OBEP, MBEP, PBP, OBP, MPB (Santonocito et al., 2023a,b), 
BDPy-di-NH2 (Tuccitto et al., 2021), BDPy-di-EA (Santonocito et al., 
2023a,b), BDPy-Ar-OH, BDPy-Ar, Naph-isopropyl (Cavallaro et al., 
2024), Naph-di-EA (Puglisi et al., 2019), Porph-di-OH (Đorđević et al., 
2016), while the Bodipy probes in which fluoride atoms are replaced 
with alkyl or hydroxyl groups were synthesized following the reactions 
shown in the Supplementary material in Scheme S2 (Crawford and 
Thompson, 2010; Smithen et al., 2012).

Multivariate Classification and Selectivity tests are reported in the 
Supplementary Materials.

2.1. Bacterial samples preparation

S. aureus strain was cultured in Tryptic Soy Broth (TSB; Oxoid, UK; 
CM0129B) at 37 ◦C under aerobic conditions. Bacteria were grown for 
approximately 4 h until reaching the exponential phase corresponding 
to a concentration of 108 CFU/mL, in accordance with the growth curve. 
From the exponential phase culture, serial dilutions in TSB were per
formed to obtain final bacterial concentrations ranging from 107 to 102 

CFU/mL. Each diluted sample was centrifugated at 8000×g for 10 min at 
4 ◦C to remove bacterial cells. The supernatants were filtered through 
0.22 μm filters to eliminate any residual cells. As a negative control, a 
sample of sterile medium was processed in the same way and used as a 
blank to subtract the background of the medium. All samples were 
processed using the same procedure in accordance with the growth ki
netics of each bacterial species.

2.2. Procedure for analysis

Analysis was performed on the six samples at different concentra
tions, from 102 to 107 CFU/mL. Three sensor arrays were exposed to 
each solution and the emission spectra before and after the exposure 
were acquired.

The contribution of Tryptic Soy Broth (TSB) medium was also 
registered. For statistical treatment, the following formula was applied: 
formula [Ia/Ib) bacteria- (Ia/Ib) TSB], where Ia is the emission of each 
probe after the exposure to analyte, Ia_TSB is the emission of each probe 
after the exposure to TSB and Ib is the emission of each probe before the 
exposure to any analyte. In detail, Figures S2-S125 (in the Supplemen
tary Materials) report the emission spectra of each probe (20 probes) in 
triplicate, following exposure of the analyte and the blank. The intensity 
values (Iabacteria/TSB, Ibbacteria/TSB) are collected by optical fiber and 
processed by MATLAB. The code recognizes the probes automatically 
using the naming convention in the file name, and then with “sort” 
command they are sorted in ascendant order. To prevent erroneous 
overwriting, any pre-existing “.xlsx” files in the working directory are 
first deleted. All “.txt” files contained in the folder are imported in the 
scripts and are organized as two column files (wavelength and in
tensity). A median filter is applied to the intensity values to reduce noise, 
after which the peak intensity and its corresponding wavelength are 
extracted for each measurement.

For each probe and each condition, the three peaks obtained from the 
three repetitions are averaged to produce a single representative value.

Subsequently, two ratios are calculated for each probe: 
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• Ratio 1 (value12): the ratio between the average intensity after 
exposure (Iabacteria) and the average intensity before exposure 
(Ibbacteria).

• Ratio 2 (value34): the ratio between the average intensity after 
exposure of TSB (IaTSB) and the average intensity before exposure of 
TSB (IbTSB).

The final output value for each probe is calculated as the difference 
between these two ratios.

The script generate: 

• A plot for each probe, containing six subplots (comparing “before/ 
after” for the bacteria and “before/after” for the TSB, for each of the 
three steps). Peaks are visualized for visual reference, and all spectra 
are displayed with filtered intensity values.

• A bar graph of the final values for all probes.

• Several “.xlsx” files summarizing the results, including peak in
tensities, peak wavelengths, and computed ratios.

This automated pipeline enables quantitative comparison between 
different experimental conditions and facilitates large-scale data 
handling.

2.3. Validation of the sensor for clinical use

To assess the potential clinical applicability of the array-based 
detection system, a sample of synovial fluid was artificially infected 
and analysed under the same conditions as the samples prepared in TSB 
to evaluate whether the biological matrix interfered with the analysis. A 
sample of human synovial fluid from single donor (Aurogene, Italy) was 
diluted 1:5 in Phosphate-Buffered Saline (PBS). S. aureus strain was 
cultured in TSB at 37 ◦C under aerobic conditions. Bacteria were grown 

Fig. 1. Flowchart of the array analysis process.
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until reaching the exponential phase corresponding to a concentration of 
108 CFU/mL, in accordance with the growth curve. From the exponen
tial phase culture, serial dilutions in TSB were performed to obtain final 
bacterial concentrations ranging from 106 to 103 CFU/mL. Each diluted 
sample was centrifugated at 8000×g for 10 min at 4 ◦C to remove bac
terial cells. The supernatants were filtered through 0.22 μm filters. The 
supernatants at different concentrations were diluted 1:10 in synovial 
fluid to obtain final concentrations ranging from 105 to 102 CFU/mL. A 
sample of equally diluted synovial fluid was used as a blank for analyses 
to subtract the background. For each solution, three sensor arrays also 
were employed, and the fluorescence measurements were taken 
following the procedure illustrated before.

For the PLS shown in Fig. 5, the following formula was used: [Ia/Ib) 
Aureus in synovial- (Ia/Ib) synovial], instead, for the PLS-DA was used for the 
first dataset: [Ia/Ib) synovial- (Ia/Ib) TSB] and [Ia/Ib) Aureus in synovial - (Ia/ 
Ib) TSB] for the second dataset.

3. Results and discussion

3.1. Design of the sensor array setup

The sensor is lightweight and compact and consists of 20 fluorescent 
synthetic probes. The advantage of using this type of probe is that the 
sensor array contains synthetic organic molecules, which are more sta
ble compared to classical biomolecules (i.e., peptides of oligonucleotides 
used in PCR or ELISA methods), thus the effect of human fluids (e.g., 
blood or serum) to the stability of the sensor is not crucial for the 
analysis (Santonocito et al., 2025). In addition, the use of synthetic 
probes leads to the possibility to explore a wider concentration range 
respect to the classical point-of-care analytical methods. The synthetic 
fluorescent probes contain two different portions in the organic scaffold: 
a recognition site, able to interact by non-covalent interactions with the 
target analyte, and a fluorophore. Due to the huge number of metabo
lites released by bacteria, containing hydrophilic molecules as well as 
aromatic compounds, the non-covalent interactions should include 
hydrogen bonding, CH–π, π–π stacking, ion–dipole, and dipole–dipole 
forces. Unlike covalent sensing mechanisms, which typically produce a 
binary (on–off) response, non-covalent interactions generate more 
nuanced and analyte-dependent signal variations (Butera et al., 2021; 
Puglisi et al., 2018). In our array, we used different classes of chromo
phores, in particular rhodamines, Bodipys, naphthylamides and por
phyrins, in order to cover a wide emission range, able to be detected by a 
sensitive and compact optical fiber device (Fan et al., 2019). The 
arrangement of each probe on the array is shown in Fig. 1.

Fluorescence emission from the probes in solid state was recorded 
through an optical fiber setup, upon excitation with a UV LED source 
(λex = 365 nm), and detected by a CCD array (a silicon-based multi
channel detector operating in the visible range). The optical fiber-based 
detection system was selected for its suitability in real-time analysis, 
offering key advantages such as low cost, mechanical flexibility, chem
ical resistance, and the ability to perform remote and multiplexed 
measurements on solid state. The complete setup includes: (i) a UV LED 
light source (λex = 365 nm); (ii) an optical fiber guiding light to and from 
the sensor array; (iii) a CCD-based hyperspectral detector; and (iv) a 
computer for acquiring and displaying the fluorescence spectra.

The sensor array developed in this work is both easy to assemble and 
cost-effective. In fact, the overall cost per single analysis—including raw 
materials, solvents, reagents, and the time required for probe syn
thesis—is approximately 5 euros, which is significantly lower than that 
of most existing systems.

3.2. Staphylococcus aureus calibration

The procedure involves the preparation of three different arrays (in 
order to proceed with statistical analysis and evaluate the repeatability 
of the results by three independent measurements) with the 20 

fluorescent probes deposited.
First, a polyamide solid support was pre-treated with exposure to a 

UV/O3 lamp to increase its hydrophobicity and suitability for probe 
deposition. Next, 1.5 μL of each probe solution in ethanol (1 mM) was 
deposited. For each of the 20 fluorescent probes, the fluorescence was 
measured before and after exposure to the bacterial culture supernatant 
(TSB). The contribution of TSB (medium) must be subtracted from the 
analyte value; Fig. 1 shows the flowchart of the array analysis process. 
This step is crucial to eliminate the effect of different batches of TSB, 
provided by different laboratories,

We “trained” the array sensor to detect S. aureus at different con
centrations, from 102 to 107 CFU/mL. The histogram shown in Fig. 2a 
represents the response of each probe following exposure to different 
concentrations of supernatant solutions of S. aureus, with positive and 
negative values representing the increase (enhancement) and decrease 
(quenching) of the emission intensity, respectively. In particular, the 
resulting normalised intensity is calculated using the formula ([(Ia/Ib) 
bacteria- (Ia/Ib) TSB]), where Ia is the intensity after the exposure of su
pernatant solution, Ib is the intensity before the exposure of the analyte, 
for the bacteria and TSB (medium) respectively, each intensity value is 
obtained as the average of three independent measures. The algorithm 
developed in MATLAB then allowed the spectra of the probes to be 
analysed iteratively and automatically form the working directory, and 
the values to be exported to Excel. To give an overview of the code, it is 
useful to perform the maximum value of each probe for each of the 4 
steps with the corresponding wavelengths, the averages of the peaks for 
each probe in the three repetitions, and the final values calculated as the 
difference between the averages of the peaks of the first two steps and 
the averages of the peaks of the last two steps.

The normalised intensity values for each concentration were pro
cessed using multivariate statistical analysis. In particular, the PLS 
(Partial Least Squares) model was applied using 6 principal components 
(PC) to obtain an array response to the S. aureus bacterium, showing 
excellent linearity, with R2 = 0.9992 (Fig. 2b, blue dots and red line). 
Notably, compared to the other POC devices based on biomolecules, our 
approach based on the use of synthetic organic probes shows the best 
results in terms of broad detection range (Atceken et al., 2023).

The training of the array was further validated by an independent 
dataset and by the analysis of an unknown concentration of S. aureus, 
supporting the robustness of the method. In particular, the independent 
dataset (orange triangles in Fig. 2b) was introduced as a validation set to 
assess the robustness of the PLS calibration model. Remarkably, these 
data points fall entirely within the calibration range, closely matching 
the expected trend and confirming the predictive reliability of the 
model, as evidenced by the high correlation (R2 = 0.9956, green line).

To verify the possibility of analysing an unknown sample of S. aureus, 
we used PLS analysis. In particular, we used the PLS calibration model of 
S. aureus in TSB (which shows a good linear correlation between pre
dicted and experimental concentrations) and added the data obtained 
from the sensor array for an unknown sample of S. aureus as a secondary 
test set (black star). In this case, in the absence of a reference concen
tration, the y-axis for this point was provided by the PLS model, while 
the x-axis was obtained from the linear fit equation in order to position 
the point on the line itself. From the graph shown in Fig. 2b, obtained 
through multivariate analysis, our array is able to quantify S. aureus, 
giving a concentration value of around 107 CFU/mL.

3.3. Selectivity tests

Selectivity plays a key role in ensuring reliable sensors performance 
under real-use conditions, especially to minimize false positives. We 
designed a series of experiments to evaluate the selectivity of the array 
towards S. aureus respect to other different bacterial species and, in 
addition, the effect of the matrix (TSB) on the performance of the sensor 
array and whether it could affect the identification and quantification of 
S. aureus. In particular we tested the other most frequent pathogens 
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associated with orthopaedic surgery (Li et al.,. 2018): i) Staphylococcus 
epidermidis (S. epidermidis); ii) Escherichia coli (E. coli); iii) Pseudomonas 
aeruginosa (P. aeruginosa); iv) Enterococcus faecalis (E. faecalis).

Fig. 3a–d shows the calibration of these bacteria in the range 

102–107 CFU/mL. In particular, for each calibration performed on the 
supernatants of different bacteria, the PLS model was applied to obtain 
an array response to each bacteria species, showing excellent linearity, 
with R2 = 0.9992 for S. epidermidis, R2 = 0.9987 for E. coli, R2 = 0.9983 

Fig. 2. a) Histogram represents the response of each probe following exposure to different concentrations of supernatant solutions of S. aureus. b) Expected S. aureus 
vs Predicted S. aureus calculated using PLS model with 6 PCs (blue dots) R2 

= 0. 9992. Validation datasets is reported in orange triangles and unknown sample is 
reported in a black star (R2 = 0.9956) (the error bars represent the standard deviations calculated on three replications). (For interpretation of the references to color 
in this figure legend, the reader is referred to the Web version of this article.)

Fig. 3. Multivariate analysis: a) Expected S. epidermidis vs Predicted S. epidermidis calculated using PLS model with 5 PCs (blue dots) R2 = 0.9992 (the error bars 
represent the standard deviations calculated on three replications); b) Expected E. coli vs Predicted E. coli calculated using PLS model with 6 PCs (blue dots) R2 

=

0.9983; c) Expected P. aeruginosa vs Predicted P. aeruginosa calculated using PLS model with 6 PCs (blue dots) R2 = 0.9987; d) Expected E. faecalis vs Predicted 
E. faecalis calculated using PLS model with 7 PCs (blue dots) R2 = 0.9944. (e–i): fingerprint of calibrations of four classes of bacterial species. j) Selectivity test by PLS- 
DA model, t1 vs t2 vs t3 scores plot. Ellipses represent T2 Hotelling at 0.95 confidence. (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.)
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for P. aeruginosa and R2 = 0.9944 for E. faecalis (Fig. 3a–d).
Fig. 3e–i represents the radar plots for each bacteria calibration. 

These radar plots report the emission change of each probe (from 1 to 20 
in circular position) upon different bacteria concentrations. The result
ing normalised intensity is calculated using the formula given above 
([(Ia/Ib) bacteria- (Ia/Ib) TSB x 100]). In particular, radar plots reported in 
Fig. 3e–i demonstrated that each bacterial species and concentration 
level generates a distinct radar plot profile, in terms of different shapes 
at different concentrations and different bacteria, resembling a unique 
fingerprint, highlighting the sensor array’s ability not only to detect 
different bacterial strains but also to discriminate among them across 
the tested concentration range (102–107 CFU/mL). This is further sup
ported by the PLS-DA (Partial Least Squares Discriminant Analysis) 
analysis (see Fig. 3j), in which a hierarchical clustering revealed clear 
identification of S. aureus respect to the other bacteria tested.

From PLS models, Very Important Parameters (VIPs) of the array 
response to each bacterium were obtained, to understand which probes 
are significant in the fluorescence response (see Supplementary Mate
rial, Figure S128–S132). As reported in Figure S1 (see Supplementary 
Material), BDPy-di-EA, BDPy-Ar, Ar-BDPy-OPr and I-BDPy-OCH3 show 
the highest weight in the array response towards bacteria tested. Due to 
the huge number of metabolites released by these bacteria, probably the 
possibility to exploit π− π interactions between these probes and the 
metabolites is the driving force of the recognition process. We note that 
in our system, the recognition of bacteria is not based on the selective 
detection of a single molecular biomarker, but rather on the collective 
response to the wide array of metabolites released by the bacteria into 
the surrounding medium.

Indeed, bacterial supernatants are chemically complex mixtures 
containing dozens of metabolites with diverse structures and functio
nalities—including peptides, amines, organic acids, surfactants, and 
redox-active molecules. Most of these contains hydrophilic groups, able 
to perform hydrogen bonds. Attempting to selectively target only a few 
of these compounds would necessarily lead to a loss of selectivity, as 
other co-existing species could interfere or be missed entirely. To 
address this, we employ an array-based empirical sensing strategy. The 
20 fluorescent dyes used in our platform were selected to cover a broad 
spectrum of chemical reactivities and photophysical behaviours, 
including sensitivity to polarity, pH, redox potential, hydrogen bonding, 
and π–π interactions. As a result, each probe responds differently—some 
with fluorescence enhancement, others with quenching—depending on 
the specific composition of the supernatant. This diversity in response 
creates a unique “fingerprint” for each bacterial species. This approach, 
while empirical in nature, is widely recognized and validated in the field 
of chemical sensing (Cavallaro et al., 2024; Li and Suslick, 2020; San
tonocito et al., 2025; Santonocito et al., 2023a,b), and provides a robust 
framework for developing rapid and low-cost diagnostic tools without 
requiring detailed a priori knowledge of the individual chemical com
ponents in the sample.

Then, we validated the ability of the sensor array to recognize 
S. aureus and S. epidermidis in complex mixtures, performing unsuper
vised multivariate analysis by PLS-DA. In particular, we prepared four 
different mixtures of S. aureus and S. epidermidis (duplicated in this 
analysis), at different concentration values (mixture 1–4, see Materials 
and Method section for details). The primary dataset included three 
distinct classes: culture medium (TSB), S. aureus, and S. epidermidis. 
These were clearly separated by the PLS-DA model with 100 % classi
fication accuracy (see Table S1 in the Supplementary Material for de
tails). As a secondary dataset, we introduced sensor responses obtained 
from the four mixture samples. As shown in Fig. 4, the PLS-DA scores of 
the mixtures (black stars) are clearly located in a plot region separated 
from the culture medium cluster (TSB ellipses in Fig. 4). Furthermore, 
the mixtures containing mainly S. aureus (mixtures 1 and 2) are located 
in the plot region of pure S. aureus (red ellipses in Fig. 4), as well as the 
mixtures containing mainly S. epidermidis are located in the plot region 
of pure S. epidermidis (green ellipses in Fig. 4). This indicates that, even 

in the presence of complex bacterial mixtures, the sensor array suc
cessfully detects signatures indicative of bacterial presence. These re
sults demonstrate the capability of our sensor array to qualitatively 
identify bacterial contamination, even in polymicrobial samples.

3.4. S. aureus sensing in simulated synovial fluid

To assess the potential of the sensor for clinical use in detecting 
bacterial infections during surgical procedures, a synovial fluid sample 
was prepared, diluted 1:5, and spiked with Staphylococcus aureus su
pernatants at concentrations of 102, 103, 104, and 105 CFU/mL, 
respectively. The contaminated samples were deposited onto the sensor 
array following the procedure previously described. Synovial fluid is an 
important preoperative sample for diagnostic testing, and it is usually 
collected via preoperative or intraoperative joint puncture. These sam
ples are then used for microbiological culture and conventional real- 
time PCR testing (Yang et al., 2021).

Firstly, we calibrated our array for S. aureus in a simulated synovial 
fluid, in the range 102–105 CFU/mL, to demonstrate that this bacterium 
can be detected and quantified also in a simulated real sample. We also 
used uncontaminated (healthy) synovial fluid samples as control ex
periments. A PLS model was firstly applied to linearize the sensor re
sponses, demonstrating that the quantification of S. aureus can be 
performed also in simulated synovia. Then, PLS-DA was applied to 
enable discrimination between healthy (red stars dots in Fig. 5) and 
contaminated synovial fluid samples (blue and green dots in Fig. 5). In 
particular, these results demonstrate that our array is able to detect 
S. aureus both in simulated synovial fluid (green dots) and in TSB me
dium (blue dots).

Several advanced laboratory techniques have been explored for the 
detection of bacterial infections in the synovial fluid, each with distinct 
advantages and limitations in terms of sensitivity, time-to-result, and 
clinical applicability. Molecular techniques such as 16S rRNA 
sequencing (Chen et al., 2019; Zhao et al., 2018) and metagenomic 
analysis (Ivy et al., 2018) offer excellent sensitivity but require 2–3 days 
to complete, making them unsuitable for rapid diagnostics. Systems 
based on digital PCR (Chen et al., 2017) and multiplexed panels like 
BIOFIRE (Esteban et al., 2023) provide faster results (1–3 h) with high 

Fig. 4. PLS-DA model, t1 vs t3 scores plot. Ellipses represent T2 Hotelling at 
0.95 confidence. 2D dots represent data obtained from calibration of S. aureus 
(red), S. epidermidis (green) and TSB (blue). The black stars represent data 
obtained from mixtures of S. aureus and S. epidermidis. Coloured ellipses are 
placed to help the eyes of the reader. (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of 
this article.)
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sensitivity, although they depend on complex instrumentation and 
elevated costs per test. Among the most effective platforms in terms of 
both speed and sensitivity are microfluidic devices employing 
EMA-LAMP or integrated capture-PCR modules (Ivy et al., 2018; Chen 
et al., 2017; Chang et al., 2014, 2015), which achieve detection limits 
down to 1–10 CFU/mL and complete analyses in under 90 min.

4. Conclusions

The experimental system proposed in this work falls within this latter 
category of advanced microfluidic PoC devices. It delivers quantitative 
results in less than 40 min, with a limit of detection of 102 CFU/mL and 
offers robust discrimination between S. aureus and other bacterial spe
cies. Furthermore, by analysing the secretum of the bacteria and by 
avoiding the amplification of the signal for the detection, it potentially 
minimizes the occurrence of false positive samples. Importantly, the cost 
per test is approximately 5 euros, significantly lower than that of most 
reported systems. Unlike conventional molecular diagnostics, our device 
does not require nucleic acid extraction or enzymatic amplification, 
relying instead on a chemometric interpretation of fluorescence patterns 
generated by a cross-reactive probe array.

This strategy combines the strengths of array-based sensing—such as 
pattern recognition, multiplexing, and adaptability—with the practical 
needs of clinical environments, offering a compelling balance of speed, 
sensitivity, specificity, and cost-efficiency. While the system does not 
currently provide species-level identification beyond trained targets, its 
simplicity, scalability, and low operational cost make it an attractive 
candidate for decentralized or rapid triage applications. One limitation 
of the present setup is the possibility to perform quantitative analyses in 
mixtures of bacteria. However, we believe that the increasing of the 
number of probes into the array can solve this problem, leading to higher 
selectivity.

Building on the promising results obtained with the fluorescent 
sensor array, future developments will focus on the integration of the 
sensing platform into a microfluidic chip. This transition will enable 
automated handling of small volumes, standardized sample pre- 
conditioning, and controlled delivery of reagents to the sensor surface. 
A microfluidic configuration would also allow the entire analysis—from 
sample introduction to data acquisition—to be carried out in a closed, 

compact, and disposable device, minimizing contamination risk and 
user intervention. Additionally, multiplexed microchannel designs 
could support parallel detection of multiple pathogens in synovial fluid, 
enhancing the diagnostic power of the system. Furthermore, the 
reducing dimensions lead to the possibility to increase the number of 
probes into the array, leading to higher selectivity and a wider range of 
applications. Coupling the microfluidic platform with smartphone-based 
optical readout and wireless data processing would further pave the way 
for the deployment of a truly portable, user-friendly, and low-cost 
diagnostic tool suitable for bedside or decentralized clinical applica
tions. Current efforts are directed toward the prototyping of such devices 
using polymer-based fabrication techniques and their validation on real 
clinical samples.
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