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Abstract

Rapid and actionable pathogen identification remains a major unmet need in the diagno-
sis of prosthetic joint infection (PJI). Current diagnostic approaches either provide rapid
host response information without pathogen specificity or identify pathogens with de-
lays of days to weeks. Here, we report a chemiresistive nanosensor array combined with
machine learning analysis for same-day, pathogen-specific detection based on volatile
organic compound (VOC) profiling. A 19-channel nanosensor array was first validated
in vitro against a panel of ESKAPEE pathogens, achieving 96% mean classification accuracy
using a radial-basis-function support vector machine (SVM) classifier. Data-driven opti-
mization yielded a reduced six-sensor array with high signal-to-noise performance. The
optimized platform was evaluated using pooled, uninfected human synovial fluid enriched
1:1 with nutrient media and spiked with Staphylococcus aureus, Staphylococcus epidermidis,
or Pseudomonas aeruginosa across a range of 1-10® CFU/mL. All infected samples were
detected within 9 h, with distinct VOC signatures enabling accurate pathogen differen-
tiation. Time-to-detection (TTD) demonstrated a strong inverse correlation with initial
bacterial concentration, supporting semi-quantitative estimation of bacterial load. Negative
controls remained at baseline throughout testing. This chemiresistive VOC-based biosensor
platform demonstrates the potential to deliver rapid, integrated detection, identification,
and burden estimation of metabolically active PJI pathogens, highlighting its promise for
future point-of-care diagnostic applications.

Keywords: biosensor; rapid detection; sensitive detection; chemiresistive nanosensor array;
electronic nose; VOC profiling; machine learning; support vector machine; prosthetic joint
infection; synovial fluid; point-of-care

1. Introduction

Prosthetic joint infection (PJI) is among the most serious complications after arthro-
plasty. When evaluating a patient with a painful joint prosthesis, clinicians face a critical,
time-sensitive decision: is the failure aseptic loosening or infection? In practice, a definitive
diagnosis of PJI benefits from confirming both (1) elevated host response biomarkers and
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(2) the presence of a pathogen, ensuring infection is distinguished from aseptic failure
with confidence.

Current diagnostic pathways, however, are fragmented and often compromise accu-
racy. Biomarkers of the host response, such as C-reactive protein (CRP) and alpha-defensin,
offer speed and, in the case of alpha-defensin, strong specificity for infection [1,2]. However,
while these markers provide powerful evidence of a host response consistent with PJI,
they do not identify the causative organism or even directly indicate the active presence
of a pathogen. Conversely, pathogen detection is traditionally performed via microbial
culture, which remains essential for confirming infection and guiding targeted therapy, yet
culture is slow and poorly aligned with urgent clinical decision-making [3]. The multi-day
to multi-week waiting period for culture results creates a diagnostic void, often forcing
surgeons to make high-stakes decisions, such as whether to perform a one-stage or two-
stage revision, and which antibiotic to load in a cement spacer is based on incomplete
information. Furthermore, culture-negative results are not uncommon in PJI, with reported
rates ranging from 9% to as high as 42%, depending on whether preoperative aspirates or
intraoperative tissue cultures are considered [4].

Molecular diagnostics seek to close this gap by bypassing culture. Targeted multiplex
PCR assays (e.g., the BioFire Joint Infection Panel) can identify common PJI pathogens
within hours and have demonstrated improved sensitivity for fastidious organisms [5,6].
These platforms are highly specific with low false-positive rates, but their coverage is con-
fined to predefined targets and therefore may miss uncommon or unexpected pathogens.
Next-generation sequencing (NGS) provides an unbiased alternative capable of detecting
virtually any microbial DNA and has shown higher sensitivity in culture-negative cases,
with typical turnaround times of ~48 h [7,8]. However, NGS remains susceptible to false
positives from contamination, and both PCR and NGS detect nucleic acids from live and
nonviable organisms alike, complicating clinical relevance [9,10]. Thus, despite impor-
tant progress, current molecular approaches have not yet delivered a rapid, reliable, and
clinically actionable real-time pathogen diagnosis in routine care.

These limitations motivate alternative approaches that can rapidly report the presence
of an organism and identity while preferentially reflecting metabolic activity. Microbial
volatile organic compounds (VOCs) are direct byproducts of metabolism and can encode
rich, species-dependent signatures. Chemiresistive nanosensor arrays are attractive for
VOC sensing because they enable continuous, low-power, real-time monitoring and have a
clear path toward miniaturization.

In this feasibility study, we developed a chemiresistive nanosensor array coupled
with machine learning to (i) rapidly detect the presence of key PJI-relevant pathogens
in an enriched synovial fluid model, (ii) differentiate pathogen species based on VOC
fingerprints, and (iii) provide a semi-quantitative estimation of bacterial load using a time-
to-detection (TTD) metric. The overarching goal is to establish a foundation for future
point-of-care, same-day, pathogen-specific testing in suspected PJI.

2. Materials and Methods
2.1. Bacterial Strains and Culture Conditions

The platform’s foundational algorithm was first established using a panel of seven
clinically important (ESKAPEE) bacterial strains obtained from the American Type Culture
Collection (ATCC, Manassas, VA, USA): Enterococcus faecium (BAA-2127, EF), Staphylococcus
aureus (29213, SA), Klebsiella pneumoniae (27736, KP), Acinetobacter baumannii (BAA-1710,
AB), Pseudomonas aeruginosa (27853, PA), Escherichia coli (11775, ES), and Enterobacter cloacae
(BAA-3274, EC). In addition to the individual monomicrobial conditions, a 1:1 mixed
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culture of S. aureus (29213) and P. aeruginosa (27853) (PA-SA mixed) was also tested to
simulate polymicrobial infection.

For each experiment, a single colony was inoculated into Luria—Bertani (LB) broth
(Gibco™, Thermo Fisher Scientific, Waltham, MA, USA) and incubated overnight at 37 °C
with shaking at 200 rpm. Cultures were then diluted and grown to an optical density
corresponding to approximately 1 x 108 CFU/mL. A 10 uL aliquot of each culture was
spotted onto LB agar plates (EZ BioResearch, St. Louis, MO, USA) for VOC monitoring.

2.2. Chemiresistive Nanosensor Array and VOC Monitoring

VOC emissions from the agar plate cultures were monitored in real-time using a
19-channel chemiresistive sensor array (iNose™, NanoBioFab (NBF), Frederick, MD, USA).
The array was rationally designed based on a comprehensive literature-reported VOC
associated with ESKAPEE organisms to ensure broad coverage of key chemical families,
including alcohols (e.g., 2-butanol), ketones (e.g., 2-nonanone), sulfur compounds (e.g.,
dimethyl sulfide), aldehydes (e.g., acetaldehyde and 3-methylbutanal), and other metabo-
lites crucial for differentiating bacterial species, which are representative VOCs reported
across ESKAPEE pathogens (see Table 1 for full sensor list) [11-13].

Table 1. Rational design of the 19-sensor array based on preferential cross-sensitivity (VOC classes of
ESKAPEE pathogens).

Sensor Subset Sei(s)(f)rs Primary Target VOC Chemical Classes Relevance to Microbial Metabolism
Nitrogenous Compounds (e.g., indole Derived f.rom t.r yptophar} %md other amino ac1.d
S1, S6 2 . degradation, highly specific markers for certain
and pyrazines) . .
enteric bacteria.
Alcohols and Ketones (e.g., 2-pentanol, Products 9f amino acid and carbohydrate
S2,S3,54, S5, 519 5 . fermentation pathways, common across many
2-butanone, and isoprene) . .
bacterial species.
. . Byproducts of methionine and cysteine
S7,S8, 59, 510, S11 5 Sulfur Compounds (e.g., dimethyl sulfide metabolism; characteristic strong foul odors (e.g.,
and methyl mercaptan) . .
in P. aeruginosa).
Result from lipid metabolism and fatty acid
S12,513, 516,517 4 Aldehyde§ and Esters (e.g., acetaldehyde degradation; contribute to species-specific
and amyl isovalerate) “fruity” or V )
ruity” or “sharp” aroma profiles.
Hydrocarbons and Organic Acids (e.g., General metabolic byproducts related to cell
S14, 515, 518 3 : . ° o
tridecane and acetic acid) membrane components and the citric acid cycle.
Total 19 Broad-Spectrum VOC Coverage Designed to capture diverse metabolic activities

for robust pathogen differentiation.

For the PJI application model, the optimized subset was relabeled for readability as Sensors 1-6 in a fixed order
(Sensor 1 = S1; Sensor 2 = S3; Sensor 3 = S9; Sensor 4 = S10; Sensor 5 = S13; Sensor 6 = S15). The assigned
VOC classes represent preferential cross-sensitivity profiles of the rationally designed nanomaterials rather
than absolute lock-and-key selectivity. The diagnostic capability of the array inherently relies on ensemble
combinatorial fingerprinting and multivariate pattern recognition of complex gas mixtures.

The iNose™ array utilizes a proprietary sensor platform that includes bespoke nano-
material formulations that were developed, doped, and synthesized at NBF. Specifically,
the sensing layer features a unique, highly uniform porous nanostructure (as confirmed via
scanning electron microscopy, Supplementary Figure S1). This engineered porosity maxi-
mizes the surface-to-volume ratio, significantly improving the sensitivity for detecting trace
microbial gas molecules. The array does not rely on commercially available off-the-shelf
gas sensors; rather, the sensing elements are engineered via specific metal oxide compo-
sitions and functionalization strategies (protected under U.S. Patent Nos. US10780411B2,
US20190360960A1, and US20240426806A1) to target broad classes of microbial VOCs. The
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schematic diagram in Figure 1 demonstrates the deployment of the 19-channel testing
apparatus (including the controlled environmental chamber and the real-time multichannel
data acquisition system). The 19 elements were used as a cross-reactive chemiresistive
sensor array to capture multivariate VOC fingerprints. The array was placed over the
inoculated plates to monitor the headspace for 48 h.

(a) Foundational 19-channel Array Setup and Data Collection

Real-time Monitoring

A
A
/ A ;{\ A
=== 4 | S —
AR 4—.1_1—1
f |
[——! = - gl|
Sensor Chamb;r Computer
(19-channel array) (Data Analysis)

Machine
Learning &
Optimization

T Computer
s.:e?]t;z:z;?ay (Pathogen Identification and

Initial 19-channel array Sensor Chamber Quantification System)
(Optimized 6-channel array)

Figure 1. Schematic overview of the chemiresistive nanosensor array platform and experimental
workflow for rapid pathogen detection. (a) Foundational setup for in vitro VOC profiling. A rationally
designed 19-channel nanosensor array is placed within a controlled sensor chamber to continuously
monitor the headspace VOC emissions from cultured bacterial plates. Sensor signals are recorded
by a multichannel data acquisition system for real-time resistance monitoring and downstream
analysis. (b) Data-driven sensor down-selection. Machine learning techniques, including principal
component analysis (PCA), support vector machine (SVM) classification, and correlation matrices,
were applied to the foundational dataset to eliminate redundant features, resulting in an optimized,
high-performance 6-sensor array. (c) Application of the optimized 6-sensor array for clinical matrix
testing. The miniaturized array monitors the headspace of enriched synovial fluid samples, capturing
distinct VOC signatures to enable rapid, species-specific pathogen identification.

2.3. Sensor Down-Selection and Optimized Array

Following foundational development, we performed data-driven down-selection to
optimize the array for pathogen detection in synovial fluid. Analysis of the foundational
dataset revealed informational redundancy, where multiple sensors exhibited highly corre-
lated responses to the same pathogen profiles. Sensor correlation matrices were applied to
the in vitro dataset to identify a minimal, non-redundant subset of six sensors. The selection
also prioritized sensors with the lowest power consumption, highest signal-to-noise ratios,
and fastest response times—criteria critical for future point-of-care (POC) translation.

This foundational development resulted in a six-sensor array consisting of sensors
51, S3, S9, S10, S13, and S15. To facilitate scalable testing and advance toward POC
miniaturization, these optimized sensor units were fabricated on miniaturized silicon chips
(Figure 1b). We subsequently optimized the sensor formulation to enhance stability. For
clarity in subsequent discussions, these optimized sensors were relabeled as follows: Sensor
1 = enhanced S1, Sensor 2 = enhanced S3, Sensor 3 = enhanced S9, Sensor 4 = enhanced S10,
Sensor 5 = enhanced S13, and Sensor 6 = enhanced S15.

This systematic sensor down-selection process was a practical and necessary step
in our pilot study. It served to demonstrate the diagnostic efficacy of the optimized six-
sensor subset based on the foundational in vitro dataset before advancing to the highly
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complex synovial fluid application model, thereby providing critical guidance for future
point-of-care hardware miniaturization.

2.4. Synovial Fluid Samples and Spiking

The optimized array was tested using pooled, de-identified, uninfected human syn-
ovial fluid (CD Laboratories, Towson, MD, USA). Remnant synovial fluid was previously
de-identified in accordance with the institutional review board (IRB)-approved protocol
(Western IRB-Copernicus Group [WCG] IRB). A total of 205 samples from knees (n = 190),
hips (n = 11), and shoulders (n = 4) were pooled and used for testing. Samples were
confirmed as uninfected based on clinical diagnostic testing. Evaluation of sample in-
tegrity included absorbance at 280 nm (between 0.342 and 1.18) and red blood cell count
(RBC) < 1,000,000/ uL [14]. Additionally, biomarker tests showed white blood cell count
(WBC) < 3000/ uL, C-reactive protein (CRP) < 4.45 mg/L [15], a-defensin < 1, percentage
polymorphonuclear leukocytes (%PMN) < 70%, and negative culture results [16].

To ensure robust VOC signal generation, synovial fluid samples were enriched 1:1
with either LB (Gibco™, Thermo Fisher Scientific, Waltham, MA, USA) or Fastidious Broth
(FB) (Remel™, Thermo Scientific™, Lenexa, KS, USA; Catalog No. R07664). The enriched
samples were then spiked with PJI-relevant pathogens (S. aureus, S. epidermidis, and P.
aeruginosa) at concentrations ranging from 1 to 10° CFU/mL. The same ATCC reference
strains described above were used for these experiments. Unspiked enriched fluid served
as the negative control. Sample sizes for each condition are shown in Table 2.

Table 2. Summary of sample size per condition.

Species Concentration Sample Size
P. aeruginosa 1 6
P. aeruginosa 102 2
P. aeruginosa 104 2
P. aeruginosa 10° 2
S. aureus 1 3
S. aureus 102 2
S. aureus 10* 2
S. epidermidis 1 3
S. epidermidis 102 2
S. epidermidis 104 2
S. epidermidis 10° 2
CONTROL 0 11

For accurate and reproducible headspace monitoring of these liquid clinical matrices,
the optimized 6-sensor array was integrated into a customized, 3D-printed multichannel
testing fixture. This modular fixture securely positions each sensor unit directly above
the individual synovial fluid sample wells, ensuring a consistent headspace volume and
reliable VOC capture across all replicates.

2.5. Data Acquisition and Pre-Processing

For all experiments, the resistance value of each sensor was recorded every 10 s
using a custom-built Multichannel Resistance Measurement System (NBF R-Scan v1.0;
NanoBioFAB, Frederick, MD, USA). Raw data were subsequently down-sampled to 15 min
intervals for analysis. The sensor response was normalized using the formula: Normalized
Response = | AR/Ry |, where Ry is the mean baseline resistance during the first hour of
measurement, R is the instantaneous sensor resistance at a given time, and AR is the
absolute change from baseline (R — Rp).
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Because the headspace of a multiplying bacterial culture contains a highly complex,
dynamic mixture of hundreds of volatile metabolites encompassing both oxidizing and
reducing compounds simultaneously, the array generates an aggregate net signal with
mixed-direction responses (i.e., both resistance increases and decreases, as illustrated by
the raw, signed response curves in Supplementary Figure S2). Therefore, the unsigned
absolute response (| AR/Ry |) was intentionally utilized in this study. The magnitude of
signal perturbation from baseline provides the most robust and consistent mathematical
feature for our multivariate machine learning classifier to differentiate overall pathogen
presence from the sterile control, regardless of the net polarity of the complex mixture.

2.6. Detection Algorithm and Time-to-Detection (TTD)

VOC emissions from the synovial fluid headspace were monitored using the optimized
6-sensor array during incubation at 37 °C for up to 24 h. Key outputs included time-to-
detection (TTD) and pattern recognition for pathogen detection and differentiation. TTD
was defined as the elapsed time (in hours) from incubation start to the first positive call
issued by the detection algorithm; samples that never crossed the decision boundary within
the 24 h run were classified as negative.

2.7. Machine Learning and Statistical Analysis (Foundational In Vitro Dataset)

During the foundational development, principal component analysis (PCA) was used
to visualize clustering among the nine classes (seven bacterial strains, one polymicrobial
mixture, and one control). To further distinguish these classes, we trained a multiclass
support vector machine (SVM) algorithm with a radial-basis-function (RBF) kernel on the
19-sensor feature set. (R 4.3.3, e1071). A sensor correlation matrix was used to remove
redundant features, resulting in six sensors (51, S3, S9, 510, 513, and 515). Performance
was estimated via 10,000 Monte Carlo repetitions of stratified 75%/25% train—test splits:
in each repetition, the model was fit on the training set and evaluated on the test set.
Accuracy was computed in a one-vs-all scheme (proportion of correctly labeled samples
for each class) and summarized across repetitions (and classes) to provide a stable estimate.
Time-series box plots were generated for synovial fluid data to illustrate sensor dynamics
across bacterial loads and controls.

3. Results
3.1. Foundational In Vitro Development

The platform’s core ability to identify diverse pathogens was confirmed in vitro. The
19-sensor array captured distinct VOC fingerprints from all tested ESKAPEE pathogens,
with unique signatures emerging within the first hour of monitoring. The heatmap in
Figure 2 shows clear patterns that separate each microbial species over time. Blue indicates
a lower sensing value relative to other samples in that sensor, while orange indicates a
higher sensing value. Each pathogen sample has its own unique 19-sensor “signal pattern”.
Samples with similar patterns are grouped together, and those from the same microbial
species usually end up in the same group, much like sorting similar fingerprints into the
same category. For example, KP exhibits the highest sensing values across most sensors,
whereas PA shows the lowest.

PCA confirmed this high degree of separation, with the first three principal compo-
nents explaining 80% of the dataset’s variance and showing distinct, minimally overlapping
clusters for each pathogen (Figure 3). Each point is a sample colored by class (AB (Acineto-
bacter baumannii), EC (Enterobacter cloacae), EF (Enterococcus faecium), ES (Escherichia coli), KP
(Klebsiella pneumoniae), PA (Pseudomonas aeruginosa), SA (Staphylococcus aureus), Blank, and
the SA-PA mixed set). The left panel shows PC1 vs. PC2; the right panel shows PC1 vs.
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PC3. Across both two-dimensional projections of the principal components, classes form
recognizable clouds with limited overlap, indicating that a small number of orthogonal
components capture most between-class variance. The SA cluster (black) lies largely dis-
tinct from other taxa. Gram-negative groups (AB, EC, KP, PA, and ES) occupy partially
overlapping but ordered bands along PC1, with additional spreading on PC3 that helps
tease apart KP and PA from AB/ES/EC. The SA-PA mixed group (light gray) falls between
the SA and PA regions as expected. Blank samples (light blue) cluster tightly and away
from most bacterial points, indicating low background variation and good separation from
true positives.

B | BN N D . Bacteria
sensort =2 =1 0 1 2
Sensor 2
Sensor 3 .
Sensor4  Bacteria

Sensor 5 Acinetobacter baumannii (AB)
Sensor6 [ Escherichia coli (ES)

Sensor 7 Enterobacter cloacae(EC)
Sensor 8 Enterococcus faecium (EF)
Sensor 9 Klebsiella pneumoniae (KP)
Sensor 10 Pseudomonas aeruginosa (PA)
Sensor 11 Staphylococcus aureus (SA)

Sensor 12 PA-SA Mixed

Sensor 13 Blank

Sensor 14

Sensor 15

Sensor 16

Sensor 17

Sensor 18

Sensor 19
FEEEEEErEEz0000L!

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

Bacteria

SEzereNGy

Figure 2. Heat map of 64 stable sensing features, extracted from 19 different nanomaterial-based
sensors on the nanosensor array. Each row shows a specific bacterial group at a particular hour
(the label "H1_SA’ denotes the sensor array readings at Hour 1 for Staphylococcus aureus (SA)), and
each column displays the standardized readings from a different sensor. The color intensity reflects
the standardized sensor value, ranging from cool blue to warm orange. Blue indicates a lower
sensing value relative to other samples in that sensor, while orange indicates a higher sensing value.
Hierarchical clustering shows samples of the same species cluster across time, indicating consistent
sensor responses. Rows are ordered by similarity of z-scored profiles (Euclidean distance, Ward’s
linkage); thus, IDs may not appear in time order.
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(Mean+SD) +0.07 +0.07 +0.07 +0.08 +0.04 +0.11 +0.07

Figure 3. (a) Principal component analysis (PCA) plot of the sensing signals for differentiating ES-
KAPEE bacteria. Each point represents a sensor array readout. Each ESKAPEE bacterium, including
a 1:1 PA-SA mixture, was individually cultured on LB agar plates and monitored continuously by the
sensor array. (b) The table shows that the SVM classifier achieved an average accuracy of 0.96.
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The mean accuracy of the SVM classifier model across all runs was 96%. Class-
wise accuracy was computed analogously within each class; the mixed-pathogen class
reached 99.8% mean accuracy (Figure 2), indicating excellent separability. This foundational
success established the platform’s high fidelity for the more challenging application in
synovial fluid.

3.2. PJI Application Model: Pathogen Detection in Synovial Fluid

In the PJI application model, the platform successfully provided rapid and multi-
dimensional answers to the three key questions.

3.2.1. Nutrient Enrichment Is Required for VOC-Based Detection

To determine whether nutrient enrichment was necessary for VOC-based detection,
we tested four experimental conditions using synovial fluid (SF): (1) SF alone, (2) SF
spiked with Staphylococcus aureus (SA), (3) SF supplemented with fastidious broth (FB),
and (4) SF with both SA and FB (Figure 4). Conditions (1) through (3) served as negative
controls. None of these control conditions generated significant VOC signals. Sensor
responses remained near baseline throughout, indicating that neither the neat synovial
fluid, the enrichment medium alone, nor bacterial inoculation in SF was sufficient to elicit
detectable metabolic activity. In contrast, when SA was incubated in enriched synovial fluid
(SA+SF+FB), a rapid and dynamic VOC response emerged. Multiple sensors (particularly
Sensor 4 and Sensor 5) showed a pronounced signal increase, peaking between 6 and 8 h
before stabilizing. This confirmed that nutrient enrichment is a prerequisite for enabling
bacterial metabolic activation and subsequent VOC-based detection.

3.2.2. Rapid and Sensitive Detection Across Inocula

Using this enrichment-based workflow, the platform reliably detected bacteria across
a wide range of inocula (1 to 10 CFU/mL). As shown in Figure 5, binary “positive” or
“negative” results were generated in under 9 h, while negative controls remained at baseline
throughout the monitoring period, confirming specificity.

3.2.3. Pathogen Differentiation

Beyond presence/absence detection, the platform differentiated the specific spiked
pathogen species. As shown in Figure 5, pairwise analyses using six-sensor panels showed
clear separation among S. aureus, S. epidermidis, and P. aeruginosa. Notably, even two
sensors (Sensor 1 and Sensor 6) provided discriminative patterns sufficient for clustering at
10* CFU/mL.

Because the sample sizes per specific concentration node (ranging from 1 to
10° CFU/mL) are inherently limited in this initial proof-of-concept phase, calculating
a formal statistical classification accuracy metric for each discrete concentration was de-
ferred to avoid mathematical overfitting. Nevertheless, to demonstrate that varying initial
bacterial burdens do not abolish the platform’s underlying combinatorial differentiation
capability, spatial clustering was evaluated. As shown in Figure 6, the platform successfully
maintains distinct pathogen differentiation even at a moderate clinical load of 10* CFU/mL.

3.2.4. Semi-Quantitative Burden Estimation via TTD

The platform enabled semi-quantitative estimation of the microbial burden by corre-
lating time-to-detection (TTD) with the initial bacterial load. The time-resolved data show
a clear dose-dependent response for all three pathogens (Figure 5). For instance, in the case
of S. aureus, a high load of 10° CFU/mL was detected at ~2 h, whereas 1 CFU/mL required
~6.5 h (Figure 5a). Similar patterns were observed for S. epidermidis (~4 h at 10° vs. ~6 h
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at 1 CFU/mL) and P. aeruginosa (~0.5 h at 10 vs. ~7.5 h at 1 CFU/mL) (Figure 5b,c). This
strong inverse correlation between bacterial load and TTD is summarized in Figure 7.

1.004 1.004
(a) SF only (b) SF+FB Sensor
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Figure 4. Nutrient enrichment is required for VOC-based pathogen detection. Real-time sensor
responses from the 6-sensor chemiresistive array are shown under four experimental conditions:
synovial fluid (SF) alone, SF with fastidious broth (SF+FB), SF spiked with Staphylococcus aureus
(SF+SA), and SF with both S. aureus and fastidious broth (SA+SF+FB). The normalized response
on the Y-axis is a dimensionless ratio calculated as | AR/Ry | and expressed as a percentage. No
significant signal was observed in control conditions (panels 1-3), indicating that neither the base
matrix, enrichment medium, nor bacterial inoculation alone produced sufficient VOCs for detection.
In contrast, robust and dynamic responses were observed in the enriched bacterial condition (panel
4), with multiple sensors (S3, S4, and S5) showing a sharp rise in signal between hours 4 and 8. This
confirms that nutrient enrichment is essential for initiating metabolically active VOC signatures.
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Figure 5. Time-to-detection across a range of bacterial inocula for three PJI-relevant pathogens.
Normalized VOC signal responses over time are shown for a representative sensor under varying
inoculum concentrations (1 to 106 CFU/mL) for (a) Staphylococcus aureus (SA), (b) Staphylococcus
epidermidis (SE), and (c) Pseudomonas aeruginosa (PA). Boxplots represent sensor response distributions
across replicates. In all cases, detection time decreased as the inoculum increased, demonstrating
a clear inverse correlation between bacterial load and time-to-detection. For example, in (a), SA at
10® CFU/mL is detected at 2.25 h, while at 1 CFU/mL, it is detected at 6.5 h. Detection thresholds
were defined using both fixed shift (AR/R( > threshold sustained > 1 h) and statistical envelope
criteria (see Section 2).
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Figure 6. Scatter plot demonstrating the spatial clustering and differentiation of major PJI-relevant
pathogens (S. aureus, S. epidermidis, and P. aeruginosa) at a moderate clinical bacterial load of 104 CFU/mL.
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The X and Y axes represent the normalized response values (calculated as | AR/Rg |') of two highly dis-
criminative sensors (Sensor 1 and Sensor 6) derived from the optimized array. This two-dimensional
projection visually illustrates that distinct spatial clustering effectively separates the pathogens based
on their unique combinatorial VOC fingerprints.
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- N w H (3] ;)

o

1 1042 1074 1046
Bacteria Load (CFU/mL)

Figure 7. Time to signal onset for S. aureus, S. epidermidis, and P. aeruginosa is plotted against increasing
bacterial loads. As expected, the higher the bacterial load, the faster the signal onset. P. aeruginosa
demonstrated the fastest signal onset at higher concentrations.

4. Discussion

This study demonstrates the feasibility of a chemiresistive nanosensor array platform
to deliver same-day, actionable intelligence for PJI diagnosis within a controlled laboratory
model. By addressing three fundamental diagnostic questions—(i) is a metabolically active
organism present, (ii) if the organism is present, what is it, and (iii) if the organism is
present, what is the bacterial load—this study addresses the unmet clinical diagnostic need
for rapid detection and monitoring of bacteria in PJI diagnosis. We believe our approach
in this proof-of-concept study for addressing these questions directly targets the most
pressing unmet needs in current practice. Unlike existing methods that provide fragmented
information, this platform integrates these insights into a unified report within hours.

The potential clinical value of such rapid, integrated intelligence is substantial. Early
identification of the pathogen, such as distinguishing Gram-negative from Gram-positive
organisms, could significantly influence surgical planning (e.g., one-stage or two-stage
revisions) and targeted empirical antibiotic selection [17]. This capability could also enable
more informed decisions regarding antibiotic-loaded cement spacers during two-stage revi-
sions, a process often guided by incomplete preoperative data [18,19]. Similarly, the ability
to estimate bacterial burden introduces a novel dimension to preoperative assessment. A
high bacterial load might justify the use of more aggressive or specialized lavage solutions
(e.g., antiseptic or citrate-based solutions) or influence the choice between one-stage and
two-stage exchange arthroplasty [17,20,21].

Our diagnostic workflow incorporates a simple enrichment step to ensure robust
metabolic activity for VOC analysis. While direct detection from neat synovial fluid
was not feasible in this study, the enrichment-based approach enabled reliable pathogen
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detection within 9 h, which is substantially faster than conventional culture methods that
typically require several days for results [22,23]. It is important to note that while this
9 h detection window represents a significant improvement over traditional agar plate
cultures, modern automated blood culture systems (e.g., BACTEC) can also flag microbial
growth within comparable timeframes for high-burden samples. However, the primary
clinical advantage of our proposed VOC-based platform extends beyond mere speed;
it lies in its integrated specificity. Unlike automated cultures that only flag the generic
presence of growth and require subsequent days for sub-culturing and definitive organism
identification, our platform provides potential same-day, pathogen-specific differentiation
directly from the initial headspace profile. Furthermore, the finding that a reduced six-
sensor array could perform this complex task underscores the platform’s strong potential
for future point-of-care (POC) miniaturization and cost-effective device development.

Moreover, our finding that a higher bacterial load correlates with a faster time-to-
detection (TTD) provides a valuable semi-quantitative dimension to the diagnostic result.
This inverse relationship is consistent with prior observations from conventional blood
culture systems, where higher inoculation amounts typically yield faster time-to-positivity
(TTP) [24-26]. Although well recognized in the laboratory, such information has rarely been
incorporated into clinical decision-making. Notably, in bloodstream infections, a shorter
TTP is a robust surrogate for high-grade bacteremia and has been linked to increased sepsis
severity and mortality. While less studied in PJI, it is clinically plausible that a similar
principle applies, with higher initial microbial burden reflecting a more aggressive infection.
Thus, our platform’s ability to provide rapid TTD on the same day as aspiration may serve
not only to confirm infection but also as an early indicator of burden severity. Prospective
clinical studies will be needed to validate the prognostic value of TTD in PJI management.

From a biosensor perspective, this platform differs fundamentally from traditional
electronic-nose and GC-based VOC systems by employing a rationally designed chemire-
sistive nanosensor array optimized for microbial metabolic signatures rather than bulk
chemical separation. Unlike GC-MS or mass spectrometry approaches, the chemiresistive
array enables continuous, low-power, real-time monitoring. Furthermore, it is essential
to contextualize the sensor array’s performance within its intended operational biologi-
cal environment. In our experimental configuration, the ~100% relative humidity (RH)
headspace at 37 °C effectively functioned as a highly consistent, non-variable background
matrix corresponding to standard clinical incubation conditions, rather than a fluctuating
experimental variable. While competitive water adsorption is a known challenge that can
suppress sensitivity in traditional chemiresistive systems, our proprietary nanomaterials
were specifically optimized to retain high chemical activity in this saturated environment.
This retained sensitivity is conclusively demonstrated by the array’s robust ability to detect
multiple P]I-relevant pathogens down to extremely low trace burdens of 1 CFU/mL di-
rectly within the high-humidity synovial fluid headspace (Figures 4 and 5). Additionally,
continuous monitoring demonstrated exceptional baseline stability in this environment,
with maximum baseline drift remaining strictly below 5% over a prolonged 15 h period
(Supplementary Figure S3).

Despite these promising feasibility results, several technical challenges and practical
limitations must be explicitly addressed before this platform can transition into routine
clinical care. First, it is crucial to clarify the sample sizes utilized across different phases
of this study. While our foundational in vitro machine learning model achieved 96% clas-
sification accuracy using a comprehensive dataset validated with 10,000 Monte Carlo
repetitions (Section 3.1), the sample sizes in the human synovial fluid application phase
were inherently limited and imbalanced (ranging from n = 2 to n = 11 per condition, Table 2).
Consequently, the synovial fluid findings serve strictly as a preliminary proof-of-concept
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utilized primarily to demonstrate signal initiation feasibility and map TTD, rather than to
train a standalone generalized clinical classifier. Second, this proof-of-concept study was
conducted using pooled uninfected synovial fluid seeded with a limited set of standard
laboratory bacterial isolates, and it relied on a brief nutrient enrichment step to standardize
VOC production. Real-world clinical samples are highly heterogeneous, may include
fastidious organisms, and can be profoundly affected by prior patient antibiotic exposure.
Third, translating this combinatorial fingerprinting approach from a controlled lab incu-
bator to unsealed real-world clinical environments introduces the risk of unpredictable
environmental VOC interferences (e.g., ambient clinical odors and sterilizing agents). Exten-
sive future multi-center validation with statistically meaningful clinical cohorts, including
both culture-positive and culture-negative suspected PJI cases, alongside advanced algo-
rithmic background compensation, will be essential to assess diagnostic accuracy across
the full biological diversity of real-world infections and confirm the generalizability of
this approach.

5. Conclusions

This novel chemiresistive nanosensor platform demonstrates strong potential as a
disruptive diagnostic approach for microbial detection and identification in the setting
of PJI. This laboratory model provides rapid, specific, and semi-quantitative data on the
presence, identity, and load of metabolically active microorganisms, which can address key
gaps in current diagnostic workflows. If validated in clinical studies, this technology could
transform PJI management by replacing a multi-day diagnostic process with same-day ac-
tionable intelligence, enabling more timely, targeted, and personalized treatment strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/bios16030156/s1.

Author Contributions: Conceptualization—X.L. and D.G.; Methodology—X.L., D.G., D.L. and TK;
Investigation—].D., D.G., B.Y. and T.K.; Protocol Documentation—].D.; Data Curation—S.S., D.L., TK.
and X.L.; Formal Analysis—T.K. and V.S.S.; Validation—S.S.; Essential Resources (clinical samples/data)
technical support and interpretation of results—M.W., S.S. and K.T.; Writing—Original Draft—R H.,
D.G. and X.L.; Writing—Review and Editing—R.H., D.G., X.L., V.S.S. and K.T.; Supervision—X.L. and
D.G,; Project Administration—X.L.; Funding Acquisition—X.L. All authors reviewed and approved the
submitted manuscript and agree to be accountable for their contribution. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was partially supported by the U.S. Army Medical Research and Develop-
ment Command (USAMRDC) and SBIR Office under Contract Numbers DHA SBIR HT942525CE008,
HT942525CE045, HT942525C0013, HT942525CE018, HT942523C0045, and W81XWH21C008. Rem-
nant synovial fluid samples were provided as in-kind support by Zimmer Biomet.

Institutional Review Board Statement: The authors confirm that this study was performed using
previously de-identified leftover human specimens. The WIRB-Copernicus Group Institutional
Review Board issued approval 20150222 for the deidentification of leftover human specimens and
data for secondary research purposes. Informed consent was not obtained from all subjects in the
study because the secondary analyses in this study used previously de-identified remnant samples
and data and did not involve direct interaction with participants. The work was performed at
NanoBioFAB at 321 Ballenger Center Drive, Suite 125, Frederick, MD 21703, and CD Laboratories at
810 Gleneagles Ct, Suite 100, Towson, MD 21286.

Data Availability Statement: All raw data are available on request.

Acknowledgments: We would like to acknowledge the contributions of Damon Ellison and Jorge
Lightfoot for their technical guidance and valuable project discussions. This data was presented in

https://doi.org/10.3390 /bios16030156


https://www.mdpi.com/article/10.3390/bios16030156/s1
https://www.mdpi.com/article/10.3390/bios16030156/s1
https://doi.org/10.3390/bios16030156

Biosensors 2026, 16, 156 14 of 15

part at the Innovations in Wound Healing Meeting, Islamorada, Florida, 3-6 December 2024, and at
the Musculoskeletal Infection Society (MSIS), 1-2 August 2025.

Conflicts of Interest: All authors are either consultants or employees of NanoBioFAB or Zimmer
Biomet. Xiaonao Liu is the founder of NanoBioFAB and has an ownership interest. Robert Hopkins,
Derese Getnet, Taejun Ko, Deyu Liu, and Buyu Yeh are employees or consultants of NanoBioFab
and hold unvested equity interests in the company. Krista Toler is an employee of Zimmer Biomet
and holds stock/options in the company. Subramaniam Somasundaram is an employee of Zimmer
Biomet and holds stock/options in Zimmer Biomet, Merck, and Abbott.

Disclaimer: Material has been reviewed by the Walter Reed Army Institute of Research. There is no
objection to its presentation and/or publication. The opinions or assertions contained herein are the
private views of the authors and are not to be construed as official or as reflecting the views of the
Department of the Army or the Department of Defense.

References

1.  Deirmengian, C.; Kardos, K.; Kilmartin, P.; Cameron, A.; Schiller, K.; Booth, R.E.; Parvizi, J. The alpha-defensin test for
periprosthetic joint infection outperforms the leukocyte esterase test strip. Clin. Orthop. Relat. Res. 2015, 473, 198-203. [CrossRef]

2. Bonanzinga, T.; Ferrari, M.C.; Tanzi, G.; Vandenbulcke, F.; Zahar, A.; Marcacci, M. The role of alpha defensin in prosthetic joint
infection (PJI) diagnosis: A literature review. EFORT Open Rev. 2019, 4, 10-13. [CrossRef]

3. Magruder, M.L.; Heckmann, N.D.; Lieberman, J.R.; Scuderi, G.; Lustig, S.; Parvizi, J.; Mont, M.A. Novel technologies in
periprosthetic joint infection: Emerging diagnostics. J. Arthroplast. 2025, 41, 551-559. [CrossRef]

4. Lai, YH.; Xu, H; Li, X.Y,; Zhao, WX_; Lv, N.; Zhou, Z K. Outcomes of culture-negative or -positive periprosthetic joint infections:
A systematic review and meta-analysis. Jt. Dis. Relat. Surg. 2024, 35, 231-241. [CrossRef]

5. Chen, B; Cui, J.; Li, C.; Xu, P; Xu, G; Jiang, J.; Xue, P,; Sun, Y.; Cui, Z. Performance characteristics of genus- or species-specific
synovial fluid PCR in joint infection. J. Orthop. Res. 2024, 42, 1012-1020. [CrossRef]

6.  Gourari-Bouzouina, K.; Boucherit-Otmani, Z.; Seghir, A.; Tani, Z.Z.B.A.-K; Bendoukha, I.; Benahmed, A.; Aissaoui, M.; Boucherit,
K. Clinical evaluation of a multiplex PCR-based test (BioFire Joint Infection Panel) for joint infection. Diagn. Microbiol. Infect. Dis.
2024, 108, 116321. [CrossRef]

7. Shi, T.; Chen, H,; Liu, Y.; Wu, Y,; Lin, F. Clinical applications of metagenomic next-generation sequencing in periprosthetic joint
infection. J. Orthop. Surg. Res. 2024, 19, 123. [CrossRef]

8. DiNapoli, M.; Castagliuolo, G.; Pio, S.; Di Nardo, L.; Russo, T.; Antonini, D.; Notomista, E.; Varcamonti, M.; Zanfardino, A. The
role of next-generation sequencing in periprosthetic joint infection: Promises and pitfalls. Antibiotics 2024, 13, 145. [CrossRef]

9.  Tsikopoulos, K.; Anagnostis, P. Periprosthetic joint infection diagnosis: A narrative review. Antibiotics 2023, 12, 1485. [CrossRef]

10. Thoendel, M.].; Jeraldo, P.R.; E Greenwood-Quaintance, K.; Yao, J.Z.; Chia, N.; Hanssen, A.D.; Abdel, M.P,; Patel, R. Identification
of Prosthetic Joint Infection Pathogens Using a Shotgun Metagenomics Approach. Clin. Infect. Dis. 2018, 67, 1333-1338. [CrossRef]

11. Li, E; Zheng, Y.; Zhao, C.; Zhu, J.; Hang, Y.; Fang, Y.; Hu, L. GC-IMS facilitates identification of carbapenem-resistant Klebsiella
pneumoniae in simulated blood cultures. AMB Express 2024, 14, 40. [CrossRef]

12.  Hintzen, K.EH.; Blanchet, L.; Smolinska, A.; Boumans, M.-L.; Stobberingh, E.E.; Dallinga, ].W.; Lubbers, T.; van Schooten, E.-J.;
Boots, A.W. Volatile organic compounds in headspace characterize isolated bacterial strains independent of growth medium or
antibiotic sensitivity. PLoS ONE 2024, 19, €0297086. [CrossRef]

13. Bos, L.D.].; Sterk, PJ.; Schultz, M.]. Volatile metabolites of pathogens: A systematic review. PLoS Pathog. 2013, 9, e1003311.
[CrossRef]

14. Deirmengian, C.; Feeley, S.B.; Kazarian, G.S.B.; Kardos, K. Synovial Fluid Aspirates Diluted with Saline or Blood Reduce the
Sensitivity of Traditional and Contemporary Synovial Fluid Biomarkers. Clin. Orthop. Relat. Res. 2020, 478, 1805-1813. [CrossRef]
[PubMed]

15.  Miamidian, J.L.; Toler, K.; McLaren, A.; Deirmengian, C. Synovial Fluid C-reactive Protein Clinical Decision Limit and Diagnostic
Accuracy for Periprosthetic Joint Infection. Cureus 2024, 16, €52749. [CrossRef] [PubMed]

16. Shohat, N.; Bauer, T.; Buttaro, M.; Budhiparama, N.; Cashman, J.; Della Valle, C.J.; Drago, L.; Gehrke, T.; Gomes, L.S.M.; Goswami,
K.; et al. Hip and knee section, what is the definition of a periprosthetic joint infection (PJI) of the knee and the hip? Can the
same criteria be used for both joints?: Proceedings of international consensus on orthopedic infections. J. Arthroplast. 2019, 34,
5325-5327. [CrossRef]

17.  Leite, PS; Figueiredo, S.; Sousa, R. Prosthetic joint infection: Report on the one versus two-stage exchange EBJIS survey. J. Bone Jt.

Infect. 2016, 1, 1-6. [CrossRef]

https:/ /doi.org/10.3390/bios16030156


https://doi.org/10.1007/s11999-014-3794-4
https://doi.org/10.1302/2058-5241.4.180029
https://doi.org/10.1016/j.arth.2025.08.002
https://doi.org/10.52312/jdrs.2023.1437
https://doi.org/10.1002/jor.25789
https://doi.org/10.1016/j.diagmicrobio.2024.116321
https://doi.org/10.1186/s13018-024-04745-5
https://doi.org/10.3390/antibiotics13020145
https://doi.org/10.3390/antibiotics12101485
https://doi.org/10.1093/cid/ciy303
https://doi.org/10.1186/s13568-024-01708-1
https://doi.org/10.1371/journal.pone.0297086
https://doi.org/10.1371/journal.ppat.1003311
https://doi.org/10.1097/CORR.0000000000001188
https://www.ncbi.nlm.nih.gov/pubmed/32191417
https://doi.org/10.7759/cureus.52749
https://www.ncbi.nlm.nih.gov/pubmed/38268994
https://doi.org/10.1016/j.arth.2018.09.045
https://doi.org/10.7150/jbji.14671
https://doi.org/10.3390/bios16030156

Biosensors 2026, 16, 156 15 of 15

18.

19.

20.

21.

22.

23.

24.

25.

26.

Naoum, S.; Koutserimpas, C.; Pantekidis, I.; Giovanoulis, V.; Veizi, E.; Piagkou, M.; loannou, P.; Samonis, G.; Domouchtsidou, A;
Tsantes, A.G.; et al. Antimicrobial regimens in cement spacers for prosthetic joint infection: A critical review. Antibiotics 2024, 13,
772. [CrossRef]

Kanna, R.; Kumar, V.S; Karthikeyan, V.; Anand, S.; Ravichandran, C.; Murali, S.M. Effect of antibiotic spacer dosing on treatment
success in two-stage exchange arthroplasty for PJI. JAAOS Glob. Res. Rev. 2024, 3, e24—e094. [CrossRef]

Andriollo, L.; Sangaletti, R.; Velluto, C.; Perticarini, L.; Benazzo, F.; Rossi, S.M.P. Impact of a Novel Antiseptic Lavage Solution on
Acute Periprosthetic Joint Infection in Hip and Knee Arthroplasty. J. Clin. Med. 2024, 13, 3092. [CrossRef]

Valdés, D.A.; Minter, J.E. Clinical use and applications of a citrate-based antiseptic lavage for the prevention and treatment of PJL.
Front. Med. 2024, 11, 1397192. [CrossRef] [PubMed]

Parvizi, J.; Tan, T.L.; Goswami, K.; Higuera, C.; Della Valle, C.; Chen, A.E; Shohat, N. The 2018 definition of periprosthetic joint
infection: Evidence-based and validated criteria. J. Arthroplast. 2018, 33, 1309-1314. [CrossRef]

Deirmengian, C.; Kardos, K.; Kilmartin, P.; Cameron, A.; Schiller, K.; Parvizi, ]. Diagnosing periprosthetic joint infection: Has the
era of the biomarker arrived? Clin. Orthop. Relat. Res. 2014, 472, 3254-3262. [CrossRef]

Lee, A.; Mirrett, S.; Reller, L.B.; Weinstein, M.P. Detection of bloodstream infections in adults: How many blood cultures are
needed? J. Clin. Microbiol. 2007, 45, 3546-3548. [CrossRef]

Cuervo, G.; Garcia-Vidal, C.; Nucci, M.; Puchades, F; Fernandez-Ruiz, M.; Obed, M.; Manzur, A.; Gudiol, C.; Pemén, J.; Aguado,
J.; et al. How to optimize the use of blood cultures for the diagnosis of bloodstream infections? A state of the art. Clin. Microbiol.
Infect. 2016, 22, 301-307. [CrossRef]

Kirn, T.J.; Weinstein, M.P. Update on blood cultures: How to obtain, process, report, and interpret. Clin. Microbiol. Infect. 2013, 19,
513-520. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/bios16030156


https://doi.org/10.3390/antibiotics13080772
https://doi.org/10.5435/JAAOSGlobal-D-23-00082
https://doi.org/10.3390/jcm13113092
https://doi.org/10.3389/fmed.2024.1397192
https://www.ncbi.nlm.nih.gov/pubmed/39015785
https://doi.org/10.1016/j.arth.2018.02.078
https://doi.org/10.1007/s11999-014-3543-8
https://doi.org/10.1128/JCM.01555-07
https://doi.org/10.1016/j.cmi.2015.09.029
https://doi.org/10.1111/1469-0691.12180
https://www.ncbi.nlm.nih.gov/pubmed/23490046
https://doi.org/10.3390/bios16030156

	Introduction 
	Materials and Methods 
	Bacterial Strains and Culture Conditions 
	Chemiresistive Nanosensor Array and VOC Monitoring 
	Sensor Down-Selection and Optimized Array 
	Synovial Fluid Samples and Spiking 
	Data Acquisition and Pre-Processing 
	Detection Algorithm and Time-to-Detection (TTD) 
	Machine Learning and Statistical Analysis (Foundational In Vitro Dataset) 

	Results 
	Foundational In Vitro Development 
	PJI Application Model: Pathogen Detection in Synovial Fluid 
	Nutrient Enrichment Is Required for VOC-Based Detection 
	Rapid and Sensitive Detection Across Inocula 
	Pathogen Differentiation 
	Semi-Quantitative Burden Estimation via TTD 


	Discussion 
	Conclusions 
	References

