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APPLIED SCIENCES AND ENGINEERING

Rapid prediction of acute thrombosis via
nanoengineered immunosensors with unsupervised
clustering for multiple circulating biomarkers
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The recent SARS-CoV-2 pandemic underscores the need for rapid and accurate prediction of clinical thrombotic
events. Here, we developed nanoengineered multichannel immunosensors for rapid detection of circulating bio-
markers associated with thrombosis, including C-reactive protein (CRP), calprotectin, soluble platelet selectin (sP-
selectin), and D-dimer. We fabricated the immunosensors using fiber laser engraving of carbon nanotubes and CO,
laser cutting of microfluidic channels, along with the electrochemical deposition of gold nanoparticles to conju-
gate with biomarker-specific aptamers and antibody. Using unsupervised clustering based on four biomarker con-
centrations, we predicted thrombotic events in 49 of 53 patients. The four-biomarker combination yielded an area
under the receiver operating characteristic curve (AUC) of 0.95, demonstrating high sensitivity and specificity for
acute thrombosis prediction compared to the AUC values for individual biomarkers: CRP (0.773), calprotectin
(0.711), sP-selectin (0.683), and D-dimer (0.739). Thus, a nanoengineered multichannel platform with unsupervised
clustering provides accurate and efficient methods for predicting thrombosis, guiding personalized medicine.

INTRODUCTION

Acute viral infections are emerging as increasingly complex and
prevalent threats to public health worldwide (1-4). While the inci-
dence of the illness known as COVID-19 is declining, a growing as-
sociation has been reported between respiratory viral infections and
clinical thrombotic events. A prothrombotic state predisposes pa-
tients to acute coronary syndromes, cerebrovascular accidents, and
pulmonary embolism (5-8). The presence of COVID-19-associated
thromboses raises concern for worse patient recovery rates (3, 5, 9-
11). Reports of these thrombotic events underscore the need for an
accurate and rapid prediction tool that can be used to determine ap-
propriate anticoagulation prophylaxis and to prepare for the next
wave of the severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) pandemic (5, 12).

In response to the COVID-19-associated thrombosis crisis, the
International COVID-19 Thrombosis Biomarkers Colloquium for-
mulated a panel of recommended biomarkers that can be used to
predict the risk of developing thrombosis associated with COVID-
19 (5). This formulated panel is based on retrospective studies of
several thousand patients with COVID-19, which have revealed
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the presence of elevated blood levels of C-reactive protein (CRP),
calprotectin, soluble platelet selectin (sP-selectin), and D-dimer in
these patients. However, relying on a single biomarker often falls
short in terms of sensitivity and specificity for predicting throm-
botic events. Furthermore, a primary obstacle in predicting throm-
bosis is the complex interplay of multiple variables, such as viral
strain, virulence, individual health conditions, genetic predisposi-
tion, and social determinants of health (13, 14). A comprehensive
analytical approach that uses multiple biomarkers simultaneously
may improve the accuracy of predicting thrombotic risk during
acute illnesses.

In this context, we have developed nanoengineered multichannel
immunosensors for the simultaneous detection of four key biomark-
ers, using unsupervised clustering to analyze variations in biomarker
concentrations. This approach enhances thrombosis prediction by
capturing the nuanced interplay of these biomarkers (15, 16). In mul-
tichannel detection, the signal-to-noise ratio of the electrodes is de-
termined by the specific binding affinity of aptamers or antibodies to
the biomarkers (17, 18). Aptamers and antibodies are immobilized
on electrochemically deposited gold nanoparticles (Au NPs) based
on fiber laser-engraved carbon nanotube (CNT) electrodes, enabling
sensitive and specific detection across multiple biomarkers, in con-
trast to traditional single-biomarker detection methods like the
enzyme-linked immunosorbent assay (ELISA) method that require
longer detection times and process optimizations (19, 20). Ultimate-
ly, our customized and scalable approach is poised to improve the
health care team responses to thrombotic events in future pandemics.

Following biomarker detection and quantification, we applied a
machine learning technique called unsupervised clustering to iden-
tify inherent patterns within the unlabeled data (16, 21). This ap-
proach allowed us to organize the data points into distinct clusters,
and the unsupervised clustering algorithms effectively stratified pa-
tients based on their thrombotic risk from various illnesses. This
stratification is grounded in objective and quantifiable biomarker
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data, providing a robust framework for the personalized assessment
of risk profiles to prevent thrombotic complications, including
stroke, pulmonary embolism, and acute coronary syndrome, in
high-risk patients (22, 23).

RESULTS

Nanoengineered immunosensors with unsupervised
clustering to enhance thrombosis prediction

Here, we demonstrate a rapid strategy to detect circulating biomark-
ers in human plasma (Fig. 1). We sought to combine the abnormal
fluctuations in the concentrations of four biomarkers associated
with thrombosis in COVID-19: CRP, calprotectin, sP-selectin, and
D-dimer (Fig. 1, A and B). These biomarkers were measured in dei-
dentified blood samples collected from patients with COVID-19
admitted to the medical center. We fabricated nanoengineered mul-
tichannel immunosensors using fiber and CO; laser technologies
(Fig. 1C). We conjugated the electrochemically deposited CNTs on
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the electrodes with aptamers and antibody specific to the biomark-
ers (Fig. 1D). We detected the concentration of these biomarkers as
features of unsupervised clustering to predict the risk for acute
blood clots. Subsequently, we compared different unsupervised
clustering methods for classifying thrombotic risk from the blood
specimens (Fig. 1E). We validated our predicted results against the
International Classification of Diseases, Tenth Revision (ICD-10)
code for thrombosis provided by the UCLA (University of Califor-
nia, Los Angeles) Pathology Biobanks and Biospecimen Research
(PBBR) Core.

To fabricate the nanoengineered multichannel immunosensor, a
polyvinyl chloride (PVC) substrate was converted into an electrically
conductive substrate (Fig. 1C) by spraying with acid-treated CNTs.
Then, a fiber laser (1064 nm, 50W) was used to pattern a predesigned
mask onto the CNT substrate to form the multiplexed electrodes.
The multichannel detection and wash chambers were engraved with
a CO;,laser (10,600 nm, 50W) (19, 24, 25). To achieve electrochemical
detection of the thrombosis biomarkers (Fig. 1D), the CNT electrodes
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Fig. 1. Nanoengineered immunosensors detected multiple biomarkers and used unsupervised clustering for rapid and accurate prediction of acute blood clots.
(A) Respiratory viruses (e.g., SARS-CoV-2) infected human lung epithelial cells and bound to a specific receptor (e.g., ACE2). (B) Invasion by the respiratory virus led to
abnormal fluctuations in the concentrations of specific biomarkers in blood circulation due to inflammatory and thrombotic processes, including CRP, calprotectin, sP-
selectin, and D-dimer. (C) Fabrication of a nanoengineered multichannel immunosensor using fiber and CO; laser technologies. (D) Conjugation of aptamers and antibody
to the CNT electrodes enabled the rapid electrochemical detection of targeted biomarkers [bovine serum albumin (BSA)]. (E) Unsupervised clustering analysis stratified
53 patients into distinct levels of thrombotic risk, using the concentrations of four distinct biomarkers as clustering features. The clustering results were validated with the

ICD-10 diagnostic code for thrombosis provided by the UCLA Biobank (PBBR) Core.
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were electrochemically deposited with Au NPs and conjugated
with aptamers against CRP, sP-selectin, and D-dimer via an Au—S
bond (26-28). The antibody against calprotectin was conjugated to
the acid-treated CNT electrode using N-(3-dimethylaminopropyl)-
N’-ethylcarbodiimide (EDC)/N-hydroxysuccinimide (NHS)-based
chemistry (29, 30). The recognition components of aptamers and anti-
body on the conductive surfaces changed the charge-transfer resis-
tance (R) at the electrode interface, enabling electrical impedance
techniques to be highly effective in assessing the degree of binding
affinity (29, 30).

To develop the thrombosis prediction model using the acquired
data, we used patient blood specimens () and biomarkers (1) to
construct an m X n computing matrix (Fig. 1E). We used dimension-
ality reduction and unsupervised clustering algorithms to facilitate
the rapid and accurate prediction of thrombotic risk (21, 31). In this
representation, each dot corresponds to an individual patient. The
concentration of the biomarkers determines the positioning of each
dot on the two-dimensional plot. The spatial distance between these
plotted points forms the basis of the clustering analysis, which, in
turn, dictates the final risk classifications assigned to each patient
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specimen. This classification enables a visually intuitive and quantita-
tively robust method to assess the thrombotic risk profile of patients
based on the concentration of specific biomarkers. We validated it by
comparing it with the ICD-10 diagnostic codes for thrombosis, as
provided by the UCLA PBBR Core (5, 32, 33).

Rapid detection of biomarkers using nanoengineered
multichannel immunosensors

Given the nature of thrombotic onset in acute infections, rapid detec-
tion of a combination of four biomarkers is clinically important. We
detected four biomarkers within 1 hour by using a electrochemical
immunosensor, using a 5 mM [Fe(CN)6]3+/ “* solution to capture the
distinct impedance signals among various concentration levels of bio-
markers. The CO, laser-engraved washing chamber was designed to
eliminate residual elements from plasma samples. We verified the re-
generation potential of our immunosensor using the surface plasmon
resonance (SPR) technique (Fig. 2, C and F), whereby a 0.1 M glycine-
HCl buffer (pH 2) removed adherent proteins and effectively regener-
ated the immunosensor (34). To augment the detection range, we used
CNTs as the foundational electrodes for their large and specific surface
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Fig. 2. The fabrication and characterization of nanoengineered multichannel immunosensors were demonstrated. (A) Schematic representation of a multichannel
and multilaminated (10 layers) immunosensor. (B) Modification of the CNT electrodes with Au NPs, Ag/AgCI NPs, and Pt NPs, followed by the conjugation of aptamers and
antibody. (C) Utilization of SPR techniques to study the association, dissociation, and regeneration of targeted biomarkers on the aptamer channel. (D) TEM images and
EDX elemental mapping of the Au NP working electrode, the Ag/AgCl NP reference electrode, and the Pt NP counter electrode. Scale bars, 100 nm. (E) X-ray photoelectron
spectroscopy (XPS) spectra of the modified electrodes. (F) Comparative responses of control and aptamer channels to targeted biomarkers using SPR techniques. A linear
relationship between different dissociation times, response units, and biomarker concentrations was established on the basis of the calibrated response units (RU) via the
control and aptamer channels. a.u., arbitrary units; B.E., binding energy.
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area, enabling conjugation with the aptamers onto the electrochemi-
cally deposited AuNPs (Fig. 2, Band D) (35). We applied high-resolution
transmission electron microscopy (TEM) to image the working elec-
trodes (Au NPs), reference electrodes (Ag/AgCl NPs), and counter
electrodes (Pt NPs) (Fig. 2D). Energy-dispersive x-ray (EDX) elemen-
tal mapping confirmed the effective integration of Au, Pt, Ag, and Cl
elements (Fig. 2D).

We further used x-ray photoelectron spectroscopy (XPS) to elu-
cidate the valence states of the fabricated electrodes (Fig. 2E) (35).
The Au 4f spectrum revealed a sin§ular peak pair (Au 4f5/,/4f7),) at
83.6 and 87.2 eV, indicating the Au state. In the Pt 4f spectrum, two
peak pairs were observed (Pt 4f5/,/4f;,) at 74.5 and 71.0 eV and 77.4
and 71.8 eV, corresponding to the Pt’ and Pt** states, indicating
strong binding of Pt NPs to the supporting CNT electrode. The Ag
3d spectrum exhibited two peak pairs (Ag 3d32/3ds/,) at 373.2 and
367.2 eV and 367.7 and 373.6 eV, indicating the presence of Ag’ and
Ag" states and the chlorination of the Ag NPs. Complementing
these findings, EDX elemental mapping verified the uniform distri-
bution of Cl elements in the Ag NPs, supporting the efficient synthe-
sis of the Ag/AgCl NP reference electrodes. SPR techniques were
used to investigate the association and dissociation kinetics between
the modified aptamer immobilized on an Au surface and its targeted
biomarker (Fig. 2, C and F) (36). The results demonstrate robust
interactions between the aptamer and the biomarker, as depicted in
Fig. 2F. As the biomarker concentration increased, there was a linear
rise in the response signals. This linearity persisted with minimal
variation during the dissociation phase, affirming the efficacy of this
aptamer-based immunosensor in targeted biomarker detection. The
robust interactions were attenuated in a pH 2 buffer solution when
rejuvenating the immunosensor surface, suggesting the presence of
strong noncovalent forces, including hydrogen bonding and Van
der Waals interactions (37).

Performances of nanoengineered multichannel
immunosensors in biomarker detection

Cyclic voltammetry (CV) was performed to investigate the electro-
chemical behavior of the immunosensor before and after the specific
adsorption of the targeted biomarker (Fig. 3A). Notably, after the
adsorption of the biomarker onto the immunosensor, a pronounced
reduction in peak current density was observed. This suggests that
the formation of the specific immune complex served as a blocking
layer, inhibiting charge transfer on the surface of the electrode. To
validate the capability of the immunosensor to detect various con-
centrations of four biomarkers, we conducted electrochemical im-
pedance spectroscopy (EIS) analysis to examine the linear relationship
between multiple concentrations of the targeted biomarkers and
charge-transfer resistance (R.) using the Randles equivalent circuit
model (Fig. 3, B and C) (38). In the Nyquist plots (Fig. 3B), the semi-
circular region at high frequencies correlates with the charge-transfer
limited process, while the linear segment at low frequencies is asso-
ciated with the diffusion-limited process (38). A consistent increase
in R values was observed with increasing concentrations of target-
ed biomarkers. This specific adsorption reduced the charge transfer
between the electrodes and the [Fe(CN)s]>** redox probe, consis-
tent with our CV findings. As presented in Fig. 3C, the calibration
curve illustrates the proportional changes in R, values with the con-
centrations of targeted biomarkers, indicating robust linear relations
within specified ranges. These linear relations were observed over
the ranges of 0.1 to 10* pg ml™" for CRP (R* = 0.983), 0.1 to 10* ng

Wang et al., Sci. Adv. 10, eadq6778 (2024) 11 December 2024

ml~! for calprotectin (R*=0.987), 0.1 to 10* ng ml~! for sP-selectin
(R*=0.982), and 1 to 10° ng ml™" for D-dimer (R* = 0.994). The
established limits of detection (LODs; S/N = 3) were determined to
be 0.023 pg ml™" for CRP, 0.035 ng ml™" for calprotectin, 0.019 ng
ml™! for sP-selectin, and 0.035 ng ml™! for D-dimer, as detailed in
tables S1 to S4. We first proposed the four-biomarker combination
for acute thrombosis prediction and manufactured a four-channel
immunosensor to detect the four biomarkers simultaneously. This
robust detection capability can be attributed to the large surface area
of the CNT-based immunosensor and the high specificity of aptam-
ers and antibody (35).

We evaluated the reproducibility, specificity, and storage stability of
the manufactured immunosensor for detecting standard and known
biomarkers in phosphate-buffered saline (PBS) (pH 7.4) solution. The
reproducibility of the nanoengineered multichannel immunosensor
was assessed using six independently constructed sensors (Fig. 3D),
with relative SD values ranging from 3.2 to 5.8%. To assess specificity,
biomarkers were mixed, resulting in distinct sensing signals for each
biomarker: 95.3% for CRP, 103.2% for calprotectin, 93.2% for sP-
selectin, and 103.7% for D-dimer (Fig. 3E). Specificity measurements
were repeated three times. In our evaluation of the immunosensor’s
reproducibility (n = 6) and specificity (n = 3), the repeated measure-
ments showed slight variations, confirming the excellent reproducibil-
ity and specificity of our nanoengineered multichannel immunosensor.
Next, the long-term storage stability of the nanoengineered multi-
channel immunosensor was assessed, revealing sustained sensing sig-
nals above 91.1% for CRP, 93.1% for calprotectin, 92.1% for sP-selectin,
and 90.5% for D-dimer over 2 weeks (Fig. 3F), demonstrating the ro-
bust stability of the fabricated immunosensors. In summary, the nano-
engineered multichannel immunosensor boasted wide-ranging and
rapid detection of multiple circulating biomarkers within 1 hour, com-
pared with ELISA, which takes about 5 hours.

Unsupervised clustering to enhance thrombosis prediction
We used a chord diagram to illustrate the relational network among
four biomarkers and 53 blood specimens (Fig. 4A) (39, 40). Notably,
the diminished arc span of patient 49 indicates prediction challeng-
es despite the combination of multiple biomarkers. Using the vari-
ous concentrations detected from the biomarkers, we performed
unsupervised hierarchical clustering to categorize blood specimens
into three groups, as depicted in Fig. 4B. To ensure patient confiden-
tiality, we adopted a numeric pseudonymization approach for each
patient, aligning the clustering outcomes with the ICD-10 diagnos-
tic codes for thrombosis. Notably, the clustering was solely influ-
enced by the concentrations of the four biomarkers. Patient IDs
were organized on the basis of diagnostic outcomes to ensure clarity
and facilitate comparative analysis.

As illustrated in Fig. 4 (B and C), patients 47, 48, 50, 51, 52, and 53
were identified with the highest thrombotic risk (scores = 2), while
patients 3, 17, and 36 exhibited a moderate risk (scores = 1). The other
patients were identified with the lowest thrombotic risk (scores = 0).
To validate these findings, we cross-referenced them with the ICD-
10 codes for thrombosis from hospitalized patients with COVID-19.
We reorganized the patient identifiers based on the diagnostic out-
comes of positive and negative thrombosis. According to the diag-
nostic results, 46 patient specimens were negative for thrombosis,
and 7 were positive. For comparative analysis, we arranged the nega-
tive thrombosis samples from 1 to 46 and the positive thrombosis
samples from 47 to 53. We validated the results of the unsupervised
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Fig. 3. The performance of the nanoengineered multichannel immunosensor was evaluated. (A) CV testing compared current density with (gray curve) and without
(light gray curve) the targeted biomarkers. (B) Electrochemical impedance measurements of the targeted biomarker at various concentrations. (C) Linear relationship
between charge-transfer resistance and four biomarker concentrations. (D) Independent measurements demonstrating the reproducibility of the individual immunosen-

sor (n = 6). (E) Specificity toward targeted biomarkers in the presence of interferents (n = 3). (F) Storage stability was established over 14 days. Error bars represent the SD
from repeated measurements (n = 3) unless otherwise specified.

hierarchical clustering against the medical ICD code for thrombosis  each with distinct characteristics suitable for unsupervised clustering

(Fig. 4C) and accurately predicted positive or negative thrombosisin (16, 41, 42). Although the PCA algorithm correctly clustered patient
49 of 53 specimens. A moderate risk rating (score = 1) was assigned 49 into the thrombosis-positive group, many false-positive samples
to patients 3, 17, and 36, which led to false-positive predictions. In  were identified, including patients 18, 25, 30, 31, 33, 40, and 44. In
contrast, the lowest risk rating (score = 0) was assigned to patient 49,  contrast, t-SNE, a nonlinear technique, effectively visualizes high-
resulting in a false-negative prediction. dimensional data clusters by preserving local structures (Fig. 4E) and

Principal components analysis (PCA), t-distributed stochastic ~shows results similar to those of hierarchical clustering (Fig. 4B)
neighbor embedding (t-SNE), and Uniform Manifold Approximation (16, 41, 42). However, t-SNE incorrectly classified patient 49 as part
and Projection (UMAP) are dimensionality reduction techniques, of the thrombosis-negative group, resulting in a false-negative
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Fig. 4. Unsupervised clustering was used for thrombosis prediction with 53 blood specimens from patients with COVID-19. (A) A chord diagram illustrates the
network relationship among the four biomarkers and 53 patients. (B) Hierarchical clustering analysis used the concentrations of the four biomarkers to assess thrombotic
risk in the 53 blood specimens. (C) Hierarchical clustering outcomes were validated using the ICD-10 diagnostic code for thrombosis. (D) PCA analysis was used to cluster
the 53 blood specimens. Each arrow represents the influence of a different biomarker concentration in the PCA space. (E) t-SNE analysis converted similarities between
data points into joint probabilities, facilitating the visualization of patient clusters. (F) UMAP analysis preserved both local and global structures, enabling the effective

visualization of specimen clusters that are positive or negative for thrombosis.

prediction. We identified that the thrombosis-positive group harbors
a higher risk (score = 2), including patients 47, 48, 50, 51, 52, and 53.
Nevertheless, the distance between the thrombosis-positive group
with a higher risk (score = 2) and the thrombosis-positive group with
alower risk (score = 1), including patients 3, 17, and 36, is small, lead-
ing to three false-positive predictions. UMAP maintains both local
and global structures and offers faster computational speeds (Fig. 5F)
(16,41, 42). The single thrombosis-positive group, which includes pa-
tients 47, 48, 50, 51, 52, and 53, demonstrates the effectiveness of
combining holistic data structures with nonlinear strategies for pre-
dicting thrombosis, especially when using biomarker concentrations
as indicative features.

Wang et al., Sci. Adv. 10, eadq6778 (2024) 11 December 2024

Our research focused on predicting acute thrombosis. The four
selected biomarkers were associated with acute responses (5, 43).
The pattern of these antigens being predominantly at low or high
levels, rather than intermediate levels, was characteristic of acute
response markers. These markers typically exhibited a binary ex-
pression pattern, reflecting a rapid clinical response to a trigger-
ing event, such as acute thrombosis formation. In the context of
acute-phase responses, the immune system quickly up-regulated
the production of these markers during an acute event, leading
to a sharp increase in their levels. Conversely, in the absence of
such an event, these markers remained at baseline, low levels.
The absence of intermediate levels suggested that the regulatory
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Fig. 5. Statistical analysis of the concentrations of four biomarkers was performed on 53 patient blood specimens. (A to D) Violin plots compare the concentrations
of four biomarkers (A: CRP; B: calprotectin; C: sP-selectin; D: D-dimer) between thrombosis-negative (—) and thrombosis-positive (+) patients. (E) Proximity matrix among
the four biomarkers. (F) Proximity matrix among the 53 patients. (G to J) Receiver operating characteristic (ROC) curve analysis illustrates the relationship between the
concentration of a single biomarker (G: CRP; H: calprotectin; I: sP-selectin; J: D-dimer) and thrombosis prediction, using the ICD-10 code for validation. (K) ROC curve
analysis using the combination of four biomarkers (CRP, calprotectin, sP-selectin, and D-dimer) for thrombosis prediction. (L to Q) ROC curve analysis using the combina-
tions of two biomarkers for thrombosis prediction (L: CRP and calprotectin; M: CRP and sP-selectin; N: CRP and D-dimer; O: calprotectin and sP-selectin; P: calprotectin and
D-dimer; Q: sP-selectin and D-dimer). (R to U) ROC curve analysis using the combinations of three biomarkers for thrombosis prediction (R: CRP, calprotectin, and sP-

selectin; S: CRP, calprotectin, and D-dimer; T: CRP, sP-selectin, and D-dimer; U: calprotectin, sP-selectin, and D-dimer). ns, not significant.

mechanisms controlling these markers function in a switch-like
manner, turning on or off rather than increasing or decreasing
gradually (5, 43).

In contrast, we used a “4-bit barcode” method (fig. S5) to evaluate
thrombotic risk, compared to the “accurate four-biomarker concen-
tration” method (Fig. 4). Low biomarker concentrations were coded
as 0, while high concentrations were coded as 1. We applied the 4-bit
barcode method as an input feature in various unsupervised ma-
chine learning models, including hierarchical clustering (fig. S5, B
and C), PCA (fig. S5D), t-SNE (fig. S5E), and UMAP (fig. S5F). The
performance of the 4-bit barcode method for acute thrombosis pre-
diction was slightly worse than the accurate four-biomarker concen-
tration method. Specifically, both the 4-bit barcode method (fig. S5,
B and C) and the accurate four-biomarker concentration method
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(Fig. 4, B and C) produced a false negative for patient 49 in the hier-
archical clustering analysis. In the thrombosis-negative group, the
accurate four-biomarker concentration method performed better
than the 4-bit barcode method. Only patients 3, 17, and 36 received
false-positive predictions using the accurate four-biomarker con-
centration method in the hierarchical clustering analysis (Fig. 4, B
and C). However, patients 3, 6, 17, 36, and 46 received false positives
using the 4-bit barcode method in the hierarchical clustering analy-
sis (fig. S5, B and C).

In addition, it was difficult to distinguish between the thrombosis-
positive and thrombosis-negative groups in the PCA analysis using
the 4-bit barcode method (fig. S5D). The t-SNE analysis using the
4-bit barcode method also incorrectly classified patient 49 as part of
the thrombosis-negative group, resulting in a false-negative prediction,
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while identifying patients 3, 6, 17, 36, and 46 as part of the thrombosis-
positive group, leading to false positives (fig. S5E). Similarly, the
UMAP analysis using the 4-bit barcode method incorrectly classified
patient 49 as part of the thrombosis-negative group, resulting in a
false negative, and classified patients 3, 6, 12, 17, 36, and 46 as part of
the thrombosis-positive group, leading to false positives (fig. S5F).
Despite these discrepancies, the 4-bit barcode method (fig. S5) re-
mains an effective strategy for acute thrombosis prediction and has a
comparable, although slightly worse, predictive capability for acute
thrombotic events in the COVID-19 cohort compared to the accu-
rate four-biomarker concentration method (Fig. 4).

Statistical analysis to evaluate different combinations

of biomarkers

On the basis of the ICD-10 diagnostic code, patients 1 to 46 were
negative for thrombosis, and patients 47 to 53 were positive. Specifi-
cally, we juxtaposed the two cohorts: those tested negative (—) and
those positive (+) for thrombosis (Fig. 5, A to D). The various con-
centrations of CRP (Fig. 5A), calprotectin (Fig. 5B), sP-selectin (Fig.
5C), and D-dimer (Fig. 5D) were determined using the fabricated
immunosensors. The accuracy of analyzing these four biomarkers
was validated against ELISA as the reference standard (figs. S1 to
§4). Of 53 specimens, CRP (P = 0.0191) and D-dimer (P = 0.0427)
were statistically significant for predicting thrombosis (Fig. 5, A and
D), whereas calprotectin (P = 0.0751) and sP-selectin (P = 0.1251)
were not statistically significant (Fig. 5, B and C). In addition, the
proximity matrix of four biomarkers and 53 patients was displayed
in Fig. 5 (E and F), respectively.

A binary logistic regression analysis was performed, correlating
the concentration of the four biomarkers of CRP, calprotectin, sP-
selectin, and D-dimer with the ICD-10 code for thrombosis predic-
tion. As delineated in Fig. 5 (G to U), an area under the receiver
operating characteristic curve (AUC-ROC) value of 0.95 indicated a
high true-positive rate (high sensitivity) and a low false-positive rate
(1-specificity) when combining these four biomarkers for thrombo-
sis prediction (Fig. 5K). Single-biomarker ROC values were lower
than those of the combined biomarkers: CRP (AUC: 0.773) (Fig. 5G),
calprotectin (AUC: 0.711) (Fig. 5H), sP-selectin (AUC: 0.683) (Fig.
5I), and D-dimer (AUC: 0.739) (Fig. 5]). In addition, we calculated
the AUC for combinations of two and three biomarkers. These AUC
values were below the combination of four biomarkers (AUC: 0.95;
Fig. 5K): CRP and calprotectin (AUC: 0.891; Fig. 5L); CRP and sP-
selectin (AUC: 0.885; Fig. 5M); CRP and D-dimer (AUC: 0.929; Fig.
5N); calprotectin and sP-selectin (AUC: 0.879; Fig. 50); calprotectin
and D-dimer (AUC: 0.919; Fig. 5P); sP-selectin and D-dimer (AUC:
0.916; Fig. 5Q); CRP, calprotectin, and sP-selectin (AUC: 0.885; Fig.
5R); CRP, calprotectin, and D-dimer (AUC: 0.916; Fig. 5S); CRP, sP-
selectin, and D-dimer (AUC: 0.916; Fig. 5T); calprotectin, sP-selectin,
and D-dimer (AUC: 0.929; Fig. 5U). Thus, combining the four bio-
markers of CRP, calprotectin, sP-selectin, and D-dimer demonstrates
high sensitivity and specificity for thrombosis prediction.

Specifically, using only CRP and D-dimer yielded an AUC of
0.929, which is close to the four-biomarker AUC of 0.95. Among the
53 specimens, CRP (P = 0.0191) and D-dimer (P = 0.0427) were sta-
tistically significant for predicting thrombosis (Fig. 5, A and D), while
calprotectin (P = 0.0751) and sP-selectin (P = 0.1251) were not statis-
tically significant (Fig. 5, B and C). Among the four biomarkers evalu-
ated, CRP exhibited the most significant statistical association with
thrombosis, as evidenced by the lowest P value (P = 0.0191) and the
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highest area under the curve (AUC = 0.773) in ROC analysis, outper-
forming calprotectin, sP-selectin, and D-dimer. CRP is an acute-phase
protein produced by the liver in response to inflammatory cytokines,
with levels markedly elevated in patients with COVID-19, correlating
positively with disease severity and mortality (44, 45). Retrospective
studies have consistently demonstrated a positive correlation between
CRP levels and COVID-19 severity, further establishing its role in pre-
dicting thrombosis risk (44, 45). When incorporated into predictive
models, CRP’s low detection limits enhance the sensitivity of the
model, particularly in detecting early or subclinical inflammatory
changes that may precede thrombotic events. This attribute positions
CRP as an effective early warning signal within a layered prediction
model, warranting closer monitoring or additional testing with more
specific biomarkers. While CRP is highly sensitive, its lack of specificity
for thrombosis necessitates its use within a multibiomarker framework
to achieve a balance between sensitivity and specificity. The proposed
four-biomarker combination ensures that the predictive model remains
responsive to early inflammatory changes while maintaining precision
in identifying thrombotic events.

DISCUSSION

Our machine learning-assisted prediction, using nanoengineered
immunosensors that detect multiple circulating biomarkers, repre-
sents an accurate and rapid strategy for predicting acute blood clots.
We used fiber laser engraving and CO; laser cutting techniques to
create microchannels and used electrochemical deposition of Au NPs
on CNTs for conjugation with aptamers and antibody. This approach
enabled high-throughput fabrication of nanoengineered multichan-
nel immunosensors. Our strategy provides rapid electrochemical de-
tection of multiple biomarkers, followed by unsupervised clustering,
to enhance thrombosis prediction.

The nanoengineered multichannel immunosensor was fabricated
using fiber laser-engraved CNTs for microelectrodes and CO, laser
cutting for microfluidic channels, resulting in a large surface area for
the electrochemical deposition of Au NPs and conjugation with spe-
cific aptamers and antibody. Electrical impedance techniques were
highly effective in assessing the binding affinity at the recognition
components of the aptamers and antibody, and the conductive sur-
faces altered the charge-transfer resistance (R.) at the electrode in-
terface (30). Electrochemical impedance spectra showed a robust
linear relationship between various concentrations of the targeted
biomarkers and R, as depicted in Fig. 2F. As the concentration of
biomarkers increased, response signals showed a proportional rise.
This linearity persisted with minimal variation during the dissocia-
tion phase. The interactions were attenuated in a pH 2 buffer solution
when rejuvenating the immunosensor surface, suggesting the pres-
ence of strong noncovalent forces, including hydrogen bonding and
Van der Waals interactions (37). The established LODs (S/N = 3)
were 0.023 ug ml™* for CRP, 0.035 ng ml ™ for calprotectin, 0.019 ng
ml™" for sP-selectin, and 0.035 ng ml™" for D-dimer, respectively.

In response to the urgency to combat acute illness—induced
thrombosis, we fabricated nanoengineered multichannel immuno-
sensors designed to quantify specific circulating biomarkers. Now,
ELISAs are the reference standard for protein detection and quantifi-
cation (20). The LOD in the “sandwich” ELISA strategy is determined
by the binding affinity and specificity of the selected antibody pairs,
which were screened and purchased from Thermo Fisher Scientific
for optimal performance (note S2 and fig. S7) (46, 47). However,
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ELISAs are limited by several experimental constraints that affect the
rapid and accurate prediction of thrombosis. These include multistep
labeling processes, costly labeling reagents, and extended detection
durations (20, 48). In this context, the development of our nanoengi-
neered multichannel immunosensor is unique for its rapid fabrica-
tion, specific targeting of biomarkers, and broad detection spectrum.
This enables a customized solution for early prediction of acute ill-
nesses, thus preventing thrombosis-associated complications in vital
organ systems.

Blood clots from thrombosis are well-recognized to cause complica-
tions, including pulmonary embolism in the lungs, stroke in the brain,
and acute coronary syndrome in the heart, all of which are associated
with high morbidity and mortality (5, 49). CRP is primarily synthesized
in the liver in response to inflammatory cytokines, with interleukin-6
(IL-6) being an essential inducer. As an acute-phase protein, CRP levels
increase rapidly during systemic inflammation, making it a crucial bio-
marker for assessing the inflammatory status of patients. Mounting evi-
dence supports a positive correlation between CRP levels and the
severity of COVID-19. In contrast to IL-6, CRP levels have emerged as a
potential predictive marker for the risk of thrombosis in these patients
(5, 50). Calprotectin levels (S100A8/S100A9), a cytosolic component of
neutrophils, have been independently associated with thrombosis
(5, 51). Upon activation, platelets express P-selectin, a molecule adept at
binding to and activating leukocytes. The vascular inflammatory re-
sponse induces endothelial cell dysfunction, accompanied by elevated
levels of adhesive molecules like P-selectin, which promote thrombus
formation (5, 50). This process underscores the interconnected roles
of inflammation and thrombosis, particularly in disease states like
COVID-19, where systemic inflammation is prevalent. Subsequent
enzymatic processes can cleave P-selectin into its soluble form. D-dimer,
the fibrin degradation product, is a biomarker for coagulation and fibri-
nolysis. D-dimer levels may serve as a valuable tool for thrombosis
screening (5). However, factors such as disease severity, progression,
and medication use can vary between patients, limiting the interpre-
tation of changes in individual biomarkers. For the selection of four
specific biomarkers associated with acute thrombosis, we followed
the consensus of the COVID International Thrombosis Biomarkers
Colloquium, which recommended a panel of individual biomarkers
to predict the risk of developing thrombosis (5). We then proposed our
strategy of combining four biomarkers for acute thrombosis prediction.
CRP and calprotectin are typically elevated in various inflammatory and
acute infection states (44, 52, 53). In addition, we included sP-selectin
and D-dimer, which are associated with thrombosis risk. Thus, we devel-
oped a strategy that combines these four biomarkers for acute thrombo-
sis prediction. Using this approach, we accurately predicted thrombosis
in 49 of 53 patient specimens through unsupervised clustering based on
the concentrations of the four biomarkers (Fig. 4). In addition, we dem-
onstrated that the combined four biomarkers could enhance the sensi-
tivity and specificity for thrombosis prediction (Fig. 5).

In our cohort of 53 blood specimens collected from hospitalized
patients with COVID-19, single biomarkers proved insufficient for
predicting thrombotic risk due to inadequate sensitivity and speci-
ficity. However, combining all four biomarkers in an integrative ap-
proach greatly improved prediction (5, 13, 14). Four anomalies were
identified within our blood specimens: Patient 49 rendered a false-
negative outcome, and patients 3, 17, and 36 were misclassified during
unsupervised hierarchical clustering. Despite this, the thrombotic risk
prediction scores for the other 49 patients were consistent with their
clinical evaluations. Notably, patient 49 was correctly classified within
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the thrombosis-positive group using the PCA algorithm, while pa-
tients 3, 17, and 36 were classified as thrombosis negative using the
UMAP algorithm. This emphasizes the need for multiple unsuper-
vised learning techniques and cross-comparisons.

In our study on acute thrombosis prediction, we demonstrated
that combining four biomarkers enhanced the sensitivity and speci-
ficity of predicting acute thrombosis using 53 blood specimens from
hospitalized patients with COVID-19 (Fig. 5). We successfully pre-
dicted 43 of 46 specimens in the thrombosis-negative group and 6 of
7 in the thrombosis-positive group, achieving an overall accuracy of
49 of 53 patient specimens (Fig. 4). Only COVID-19 patient samples
were analyzed, with the majority showing no indication of throm-
botic risk. This focus raises concerns about the generalizability of our
findings to other patient populations with different underlying condi-
tions and risk profiles. Specifically, patients with cancer, patients with
HIV, patients with trauma and hemorrhage, patients with sepsis, and
those on anticoagulants exhibit distinct pathophysiological mecha-
nisms that may influence biomarker expression differently from pa-
tients with COVID-19. For instance, patients with cancer often
present a hypercoagulable state due to tumor-associated procoagu-
lant factors, while patients with HIV may experience chronic im-
mune activation that affects coagulation pathways (54, 55). Patients
on anticoagulants, meanwhile, might exhibit suppressed biomarker
levels, potentially leading to false negatives if not accounted for in the
predictive model. This represents a limitation of our research.

If we extend our current nanoengineered multichannel immuno-
sensor with unsupervised clustering to detect patients with cancer,
patients with HIV, patients with trauma and hemorrhage, patients
with sepsis, or those on anticoagulants, then the selected combination
of four biomarkers specific to acute thrombosis (5) may not effectively
predict these conditions based on the current biomarker concentra-
tions. However, when analyzed through unsupervised clustering, our
strategy using the nanoengineered multichannel immunosensor holds
potential for predicting these diseases. The layer-by-layer procedures
for manufacturing the nanoengineered multichannel immunosensor
and the unsupervised clustering analysis strategy are detailed in Mate-
rials and Methods. If a panel of biomarkers associated with these dis-
eases is identified, then the nanoengineered immunosensor can be
tailored to detect these biomarkers by modifying the corresponding
aptamers or antibodies on the sensing electrodes. These biomarker
concentrations can then be used as inputs for disease prediction mod-
els using unsupervised machine learning, generating a disease risk
score for conditions such as cancer, HIV, hemorrhagic trauma, sepsis,
and for anticoagulated patients. On the basis of multiple biomarkers,
this strategy is expected to provide an accurate and efficient method
for predicting various diseases and guiding personalized medicine.

The sP-selectin is a marker of platelet activation and endothelial
dysfunction, and its elevation can be associated with both arterial
and venous thrombosis (5, 50, 56). However, it is more strongly
linked to arterial thrombosis due to its association with platelet acti-
vation, as platelet-rich thrombi are commonly involved in myocar-
dial infarction or ischemic stroke. While elevated sP-selectin is more
indicative of arterial thrombosis, elevated D-dimer is nonspecific and
can indicate the presence of a thrombus in either the arterial or ve-
nous system. Elevated levels of CRP and calprotectin, both markers
of inflammation, are also linked to thrombosis, but neither defini-
tively indicates arterial versus venous thrombosis. Given the stronger
association of sP-selectin with arterial thrombosis, combining elevated
sP-selectin with CRP, calprotectin, and D-dimer levels could help
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predict the location of arterial thrombosis. This information can guide
anticoagulation strategies, such as choosing between antiplatelet or
antithrombotic therapy (57, 58).

Now, our detection strategy requires approximately 1.5 hours to
provide a thrombotic risk score. This includes about 25 min for blood
collection and processing, 1 hour for the simultaneous detection of
four biomarkers using multichannel techniques, and around 5 min for
unsupervised machine learning calculations to determine the throm-
botic risk score. In comparison, the commercial ELISA takes about
5 hours to detect a single biomarker. While our proposed detection
strategy shortens the detection time and demonstrates high accuracy,
the acute thrombosis readouts highlight the need for bedside, point-of-
care technology with a readout time of less than 15 min and minimal
user interaction. In addition, the relatively slow generation of plasma
could affect clinical decision-making for acute coronary syndromes,
stroke, pulmonary embolism, or traumatic injury. With emerging auto-
mation techniques that integrate blood collection and processing, mul-
tichannel detection, and unsupervised machine learning into a single
system, we anticipate a shortened turnaround time by minimizing
manual operations and further reducing detection time (59, 60).

The strengths and shortcomings of the current clinical assays
[e.g., aPTT (Activated Partial Thromboplastin Time), PT (Pro-
thrombin Time), near-infrared (NIR), and clotting time] and the
proposed strategy [nanoengineered multichannel immunosensor
with unsupervised clustering (NMIUC)] in this research are sum-
marized in table S6. In summary, while aPTT and PT are effective
for monitoring anticoagulation therapy, they lack specificity for
predicting acute thrombosis. NIR shows promise for noninvasive
monitoring but has not yet been widely adopted in clinical practice
and may exhibit variable sensitivity and specificity. Clotting time is
a quick test but is unreliable for thrombosis risk prediction due to
its limited specificity and sensitivity. In contrast, our proposed
strategy offers advantages, including high sensitivity, specificity,
and accuracy for acute thrombosis prediction, while being simple,
rapid, cost-effective, and customizable for multiple biomarkers.
The proposed strategy is also readily accessible and user-friendly
for blood testing, providing thrombotic risk assessments that
could aid in acute thrombosis management and support personal-
ized patient care. However, current limitations include validation
restricted to only 53 specimens and its use being limited to re-
search settings. Our NMIUC provides a fundamental and experi-
mental basis to expand validation to larger cohorts for future
clinical translation.

Furthermore, including diverse clinical data (e.g., sex, age, and
thrombosis risk factors) and medical history (e.g., antiplatelet and
anticoagulation drugs) is crucial for conducting a comprehensive
analysis to strengthen this research (5, 61, 62). The diversity of clini-
cal data enhances the generalizability of acute thrombosis predic-
tion. Specifically, men and women often have different risk profiles
for thrombosis due to biological differences such as hormone levels,
genetic factors, and immune responses (5, 61, 62). Incorporating sex
into the model helps tailor predictions to these differences and en-
sures that both sexes are adequately represented, improving accuracy
across different patient populations. Thrombosis risk generally in-
creases with age due to factors like reduced mobility, increased inci-
dence of comorbidities, and changes in the coagulation system
(5, 61, 62). Including age in the prediction model allows for consid-
eration of these age-related variations, enabling risk stratification
into different categories for personalized predictions. Incorporating

Wang et al., Sci. Adv. 10, eadq6778 (2024) 11 December 2024

a wide range of thrombosis risk factors allows the model to provide a
more comprehensive risk assessment, capturing complex interactions
between factors. Some risk factors may have a more substantial im-
pact when combined, and accounting for these interactions improves
the predictive power of the model. Patients on antiplatelet or antico-
agulation therapy have modified thrombosis risk (61). While these
medications are designed to reduce clot formation, their effective-
ness can vary on the basis of individual patient factors. Including this
information in the model helps account for the protective effects of
these drugs and potential variations in their efficacy. In summary,
the diversity of clinical data is essential for developing a robust acute
thrombosis prediction model. By incorporating factors such as sex,
age, thrombosis risk factors, and medication use, the model can bet-
ter account for individual variability, resulting in more personalized
and reliable predictions.

In summary, our study elucidates the combined utility of four
biomarkers of CRP, calprotectin, sP-selectin, and D-dimer in aug-
menting the prediction of acute blood clots. This enhancement is
achieved by applying nanoengineered multichannel immunosen-
sors with unsupervised learning techniques for clustering and anal-
ysis. The nanoengineered multichannel immunosensor allows for
sensitive and specific detection of a wide range of biomarker con-
centrations, facilitating unsupervised clustering. Thus, the nanoen-
gineered multichannel immunosensor provides accurate and rapid
prediction of acute blood blots, enabling timely responses to acute
illnesses and public health crises.

MATERIALS AND METHODS

Materials and reagents

Gold (III) chloride hydrate (~52% Au basis), hexachloroplatinic (IV)
acid hydrate (~40% Pt basis), silver (I) nitrate (>99.0%), potassium
chloride hydrate, sodium hypochlorite solution (available chlorine,
4.00 to 4.99%), sulfuric acid (95.0 to 98.0%), nitric acid (70%), potas-
sium hexacyanoferrate (II) trihydrate (>98.5%), potassium ferricya-
nide (III) (99%), toluene (99.9%), xylene (99%), Hepes solution,
Tween 20, glycine (>98.5%), silver chloride (99%), ethanol (>99.5%),
sodium chloride (>99.0%), PBS [1.0 M (pH 7.4)], NHS (98%), EDC
(>97.0%), and human CRP, human calprotectin, human sP-selectin,
human D-dimer, and bovine serum albumin were all purchased
from Sigma-Aldrich.

The CNTs (XFMO01, multiwalled, 5 to 15 nm in diameter, 10 to
30 pm in length) were sourced from XFNANO Technology Co.
Ltd. The PVC substrate was procured commercially from Takiron
Co. Ltd. Styrene-isoprene styrene (SIS; D1113) elastomer was ac-
quired from Kraton Corporation. Adhesive Very High Bond (VHB)
tapes were obtained from 3M Company. The aptamers were synthe-
sized and purified by Integrated DNA Technologies (table S5). The
anti-calprotectin (S100A8/S100A9, MABF291) antibody was pur-
chased from Sigma-Aldrich. The Invitrogen CRP Human ELISA Kit,
Invitrogen Calprotectin Human ELISA Kit, Invitrogen sP-selectin
Human ELISA Kit, and Invitrogen D-Dimer Human ELISA Kit were
all obtained from Thermo Fisher Scientific. The ultrapure water
(18.2 megohm-cm) was purified using a Millipore system.

Fabrication of a nanoengineered

multichannel immunosensor

SIS (1 g) was initially dissolved in a 20-ml solvent mixture of toluene
and xylene at a 1:1 ratio. This SIS solution was subsequently sprayed
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onto a PVC substrate (layer 1) to form an adhesive layer (layer 2).
Acid-treated CNTs were ultrasonically dispersed in ethanol and
sprayed onto the SIS adhesive layer (layer 2). Electrodes and con-
nection wires for the CNTs (layer 3) were patterned using selective
laser ablation via a 1064-nm Monport 30W fiber laser engraver and
a marking system. The CNT connection wires were subsequently
encapsulated using a diluted SIS solution applied through a prede-
signed mask, forming layer 4. For the preparation of layer 5, the Au
NPs, Pt NPs, and Ag NPs were electrochemically deposited onto the
four working electrodes, the counter electrode, and the reference
electrode using gold (III) chloride hydrate, hexachloroplatinic (IV)
acid hydrate, and silver (I) nitrate solutions, respectively. The Ag
NPs were then chloridized using a diluted sodium hypochlorite so-
lution, resulting in AgCl/Ag NPs.

For the sixth layer of the immunosensor, thiol-modified aptam-
ers (50 pM) specific to CRP, sP-selectin, and D-dimer were incu-
bated on the Au NP working electrodes for 1 hour, producing the
aptamer/AuNP/CNT electrode. To modify the calprotectin anti-
body onto the carboxylated CNTs, the CNTs were initially incubated
in a solution containing EDC (0.15 M) and NHS (0.1 M) for 1 hour
to activate the carboxylic groups. This was followed by adding the
calprotectin antibody solution and incubating for an hour.

The detection chamber (layer 7), the washing chamber cover
(layer 8) with specific flow-directing holes, the chamber (layer 9),
and the top cover (layer 10) were patterned using a 50-W CO; laser
cutter from Universal Laser Systems. A 3M VHB double-sided tape
was patterned to incorporate four secondary chambers as the detec-
tion chamber (layer 7). Using the CO; laser, four distinct holes were
cut into a 0.1-mm-thick PVC film for the washing chamber cover
(layer 8). The washing chamber (layer 9) featured a unified flow
channel for waste liquid collection. Last, another PVC film was cut
to introduce a hole as the liquid entrance for the top cover (layer 10).

Material characterization

XPS measurements were conducted using a Kratos AXIS Ultra DLD
spectrometer. High-resolution transmission electron microscopy
images and EDX elemental mapping were acquired with an FEI
TITAN transmission electron microscope operating at 120 kV.

Operational workflow of the nanoengineered

multichannel immunosensor

The priming of the chip, loading with plasma, signal acquisition, and
regeneration of the nanoengineered multichannel immunosensor are
shown in fig. S6 in the Supplementary Materials. Briefly, the immu-
nosensor was washed with PBS (pH 7.4; 1 ml, repeated three times)
before use. A 100-fold diluted plasma sample (0.2 ml) was pipetted
into the immunosensor via the inlet. After a 45-min incubation to
allow for the formation of noncovalent solid interactions between the
targeted biomarkers in each of the four chambers and the modified
aptamers or antibody, the residual plasma was removed with PBS
(pH 7.4; 1 ml, repeated three times). Electrochemical measurements
were conducted using a Gamry Interface 1010E workstation (Gamry
Instruments Inc., USA). EIS was performed over a frequency range of
100 kHz to 0.1 Hz. The EIS data were fitted to the Randles model to
extrapolate the R parameter (38). CV was performed with potentials
set between 0.4 and 1.3 V (versus the reversible hydrogen electrode)
at a scan rate of 50 mV/s. For electrochemical measurements, the
[Fe(CN)g]*™* solution (0.2 ml) was pipetted into the individual de-
tection chambers (measurement time: 5 min). After detecting the
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four biomarkers, the [Fe(CN)s]S_/ 4~ solution was removed from the
detection chambers, which were then washed with PBS (pH 7.4; 1 ml,
repeated three times). Subsequently, the immunosensor chambers
were regenerated using 0.1 M glycine-HCl buffer (pH 2; 1 ml, repeated
twice) to remove the bound biomarkers from the aptamers or anti-
body. Last, the chambers were washed with PBS and stored at 4°C for
future use. We compared the performance of the fabricated nanoen-
gineered multichannel immunosensor with previously reported im-
munosensors and demonstrated its high detection capabilities for the
four biomarkers (tables S1 to S4) (63-78).

Surface plasmon resonance

SPR measurements for binding kinetics were performed on a Bi-
acore 2000 system. Assays were conducted at 25°C using a running
buffer composed of 10 mM Hepes, 150 mM NaCl (pH 7.4), and
0.005% (v/v) Tween 20. The aptamer was immobilized onto a Series
S Sensor Chip SA (GE Healthcare). A twofold dilution series of the
specific biomarker was injected over the immobilized aptamer at a
flow rate of 30 pl/min, with association and dissociation times of
180 and 900 s, respectively. The aptamer was regenerated using
0.1 M glycine-HCl buffer (pH 2) for two 10-s intervals.

Ethics statement

All procedures and handling of human blood samples were con-
ducted in accordance with the guidelines set by UCLA and received
approval from the UCLA Institutional Review Board (no. IRB-
23-1768). Diagnoses of SARS-CoV-2 infection and thrombosis were
obtained from the UCLA Pathology Biobank and Biospecimen Re-
search Core.

Biosafety

All blood samples were processed in accordance with the biocon-
tainment procedures established for handling SARS-CoV-2-positive
samples. These specimens were approved by the UCLA Institutional
Review Board protocol and provided by the UCLA Pathology Bio-
bank and Biospecimen Research Core. All participants provided
informed consent. The blood samples were deidentified, ensuring
that no personally identifiable information was associated with them.

Patient plasma samples

Patients testing positive for SARS-CoV-2 were recruited into the
study subsequent to their diagnosis. The diagnosis of thrombosis
was validated with the ICD-10 diagnostic code. Blood samples were
handled in strict accordance with the biocontainment procedures
designed for SARS-CoV-2-positive specimens. The details for blood
collection and processing are provided in note S1 of the Supplemen-
tary Materials.

Unsupervised hierarchical clustering and dimensionality
reduction analysis

Hierarchical clustering and dimensionality reduction were executed
using the Scikit-learn library in Python and GraphPad Prism 9 soft-
ware. Furthermore, data visualization, including chord diagrams, was
accomplished using Origin Lab 2021 and GraphPad Prism 9 software
suites. Specifically, we used the Ward’s agglomerative hierarchical
clustering technique, performing unsupervised clustering based on
Euclidean distances, and emphasized optimizing the cluster count for
the datasets. We used GraphPad Prism software for PCA and the
Scikit-learn library in Python for nonlinear dimensionality reduction
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methods, including t-SNE and UMAP, to transform high-dimensional
data into two-dimensional spaces.

Statistical analysis

Statistical analyses were conducted using IBM SPSS Statistics 26,
GraphPad Prism 9 software, and Python scripts. The P value was
determined by the Mann-Whitney U test. A correlation was consid-
ered statistically significant at P values below 0.05. All data are pre-
sented as the mean + SEM (n = 3), unless otherwise specified.

ROC curves

To assess the precision of thrombosis prognosis, we tallied the num-
bers for true positives, true negatives, false positives, and false nega-
tives. The ROC curve was illustrated on the basis of sensitivity and
1-specificity scores. The 95% confidence interval was computed for
each AUC value. Binary logistic regression is a statistical method
used to predict the probability of an event occurring given a set of
predictor variables, when the outcome variable is binary: thrombo-
sis (—) and thrombosis (+). A binary logistic regression model was
initially calculated using the given dataset. Subsequently, the mod-
el’s predicted probabilities for the positive class were used to con-
struct an ROC curve.

Comparison with previously reported immunosensors and
thrombosis prediction strategies

We compared the performance of the fabricated nanoengineered
multichannel immunosensor with previously reported immunosen-
sors (tables S1 to S4) (63-78). In addition, the strengths and short-
comings of current clinical assays (e.g., aPTT, PT, NIR, and clotting
time) and the strategy proposed in this research are summarized in
table S6 (5, 49, 79, 80).

Supplementary Materials
This PDF file includes:

Notes S1and S2

Figs.S1to S7

Tables S1 to S6

REFERENCES AND NOTES

1. X.Deng, M. A. Garcia-Knight, M. M. Khalid, V. Servellita, C. Wang, M. K. Morris,

A. Sotomayor-Gonzalez, D. R. Glasner, K. R. Reyes, A. S. Gliwa, N. P. Reddy, C. S. S. Martin,
S.Federman, J. Cheng, J. Balcerek, J. Taylor, J. A. Streithorst, S. Miller, B. Sreekumar,
P-Y.Chen, U. Schulze-Gahmen, T.Y. Taha, J. M. Hayashi, C. R. Simoneau, G. R. Kumar,

S. M. Mahon, P. V. Lidsky, Y. Xiao, P. Hemarajata, N. M. Green, A. Espinosa, C. Kath, M. Haw,
J.Bell, J. K. Hacker, C. Hanson, D. A. Wadford, C. Anaya, D. Ferguson, P. A. Frankino,

H. Shivram, L. F. Lareau, S. K. Wyman, M. Ott, R. Andino, C. Y. Chiu, Transmission, infectivity,
and neutralization of a spike L452R SARS-CoV-2 variant. Cell 184, 3426-3437.e8 (2021).

2. V.Servellita, A. M. Syed, M. K. Morris, N. Brazer, P. Saldhi, M. Garcia-Knight, B. Sreekumar,
M. M. Khalid, A. Ciling, P-Y. Chen, G. R. Kumar, A. S. Gliwa, J. Nguyen,
A. Sotomayor-Gonzalez, Y. Zhang, E. Frias, J. Prostko, J. Hackett Jr,, R. Andino,
D. A. Wadford, C. Hanson, J. Doudna, M. Ott, C.Y. Chiu, Neutralizing immunity in vaccine
breakthrough infections from the SARS-CoV-2 Omicron and Delta variants. Cell 185,
1539-1548.e5 (2022).

3. D.L.Ng, A.C. Granados, Y. A. Santos, V. Servellita, G. M. Goldgof, C. Meydan,
A. Sotomayor-Gonzalez, A. G. Levine, J. Balcerek, L. M. Han, N. Akagi, K. Truong,
N. M. Neumann, D. N. Nguyen, S. P. Bapat, J. Cheng, C. S.-S. Martin, S. Federman, J. Foox,
A. Gopez, T. Li, R. Chan, C. S. Chu, C. A.Wabl, A. S. Gliwa, K. Reyes, C.-Y. Pan, H. Guevara,
D. Wadford, S. Miller, C. E. Mason, C.Y. Chiu, A diagnostic host response biosignature for
COVID-19 from RNA profiling of nasal swabs and blood. Sci. Adv. 7, eabe5984 (2021).

4. B.Ning, T.Yu, S. Zhang, Z. Huang, D.Tian, Z. Lin, A. Niu, N. Golden, K. Hensley, B. Threeton,
C.J. Lyon, X.-M.Yin, C. J. Roy, N. S. Saba, J. Rappaport, Q. Wei, T. Y. Hu, A smartphone-read
ultrasensitive and quantitative saliva test for COVID-19. Sci. Adv. 7, eabe3703 (2021).

5. D.A.Gorog, R. F. Storey, P. A. Gurbel, U. S. Tantry, J. S. Berger, M. Y. Chan, D. Duerschmied,
S.S.Smyth, W. A. E. Parker, R. A. Ajjan, G. Vilahur, L. Badimon, J. M. Ten Berg, H.T. Cate,

Wang et al., Sci. Adv. 10, eadq6778 (2024) 11 December 2024

20.

21.

22.

23.

F. Peyvandi, T.T. Wang, R. C. Becker, Current and novel biomarkers of thrombotic risk in
COVID-19: A consensus statement from the international COVID-19 thrombosis
biomarkers colloquium. Nat. Rev. Cardiol. 19, 475-495 (2022).

. J.T. Merrill, D. Erkan, J. Winakur, J. A. James, Emerging evidence of a COVID-19 thrombotic

syndrome has treatment implications. Nat. Rev. Rheumatol. 16, 581-589 (2020).

. T.E.Warkentin, J. Baskin-Miller, A. L. Raybould, J.-A. |. Sheppard, M. Daka, I. Nazy, S. Moll,

Adenovirus-associated thrombocytopenia, thrombosis, and VITT-like antibodies. N. Engl.
J.Med. 389, 574-577 (2023).

. B.Ning, Z. Huang, B. M. Youngquist, J. W. Scott, A. Niu, C. M. Bojanowski, K. J. Zwezdaryk,

N.S. Saba, J. Fan, X.-M.Yin, J. Cao, C. J. Lyon, C.-Z. Li, C. J. Roy, T. Y. Huy, Liposome-mediated
detection of SARS-CoV-2 RNA-positive extracellular vesicles in plasma. Nat. Nanotechnol.
16, 1039-1044 (2021).

. M. J. Peluso, S. Takahashi, J. Hakim, J. D. Kelly, L. Torres, N. S. lyer, K. Turcios, O. Janson,

S. E. Munter, C. Thanh, J. Donatelli, C. C. Nixon, R. Hoh, V. Tai, E. A. Fehrman, Y. Hernandez,
M. A. Spinelli, M. Gandhi, M.-A. Palafox, A. Vallari, M. A. Rodgers, J. Prostko, J. Hackett Jr.,
L. Trinh, T.Wrin, C. J. Petropoulos, C.Y. Chiu, P. J. Norris, C. D. Germanio, M. Stone,

M. P.Busch, S. K. Elledge, X. X. Zhou, J. A. Wells, A. Shu, T.W. Kurtz, J. E. Pak, W. Wu,

P. D. Burbelo, J. I. Cohen, R. L. Rutishauser, J. N. Martin, S. G. Deeks, T. J. Henrich,

I. Rodriguez-Barraquer, B. Greenhouse, SARS-CoV-2 antibody magnitude and
detectability are driven by disease severity, timing, and assay. Sci. Adv. 7, eabh3409
(2021).

. W.Gu, X. Deng, M. Lee, Y. D. Sucuy, S. Arevalo, D. Stryke, S. Federman, A. Gopez, K. Reyes,

K. Zorn, H. Sample, G. Yu, G. Ishpuniani, B. Briggs, E. D. Chow, A. Berger, M. R. Wilson,
C.Wang, E. Hsu, S. Miller, J. L. De Risi, C.Y. Chiu, Rapid pathogen detection by
metagenomic next-generation sequencing of infected body fluids. Nat. Med. 27, 115-124
(2021).

. L.Wang, X. Wang, Y. Wu, M. Guo, C. Gu, C. Dai, D. Kong, Y. Wang, C. Zhang, D. Qu, C. Fan,

Y. Xie, Z. Zhu, Y. Liu, D. Wei, Rapid and ultrasensitive electromechanical detection of ions,
biomolecules and SARS-CoV-2 RNA in unamplified samples. Nat. Biomed. Eng. 6, 276-285
(2022).

. L.Zhang, X. Feng, D. Zhang, C. Jiang, H. Mei, J. Wang, C. Zhang, H. Li, X. Xia, S. Kong,

J. Liao, H. Jia, X. Pang, Y. Song, Y. Tian, B. Wang, C. Wu, H. Yuan, Y. Zhang, Y. Li, W. Sun,
Y.Zhang, S. Zhu, S.Wang, Y. Xie, S. Ge, L. Zhang, Y. Hu, M. Xie, Deep vein thrombosis in
hospitalized patients with COVID-19 in Wuhan, China: Prevalence, risk factors, and
outcome. Circulation 142, 114-128 (2020).

. B.Zethelius, L. Berglund, J. Sundstrém, E. Ingelsson, S. Basu, A. Larsson, P.Venge, J. Arnldv,

Use of multiple biomarkers to improve the prediction of death from cardiovascular
causes. N. Engl. J. Med. 358, 2107-2116 (2008).

. T.J.Wang, P. Gona, M. G. Larson, G. H. Tofler, D. Levy, C. Newton-Cheh, P.F. Jacques,

N. Rifai, J. Selhub, S. J. Robins, E. J. Benjamin, R. B. D’Agostino, R. S. Vasan, Multiple
biomarkers for the prediction of first major cardiovascular events and death. N. Engl. J.
Med. 355, 2631-2639 (2006).

. C.H.Sudre, K. A. Lee, M. N. Lochlainn, T. Varsavsky, B. Murray, M. S. Graham, C. Menni,

M. Modat, R. C. E. Bowyer, L. H. Nguyen, D. A. Drew, A. D. Joshi, W. Ma, C.-G. Guo, C.-H. Lo,
S. Ganesh, A. Buwe, J. C. Pujol, J. L. du Cadet, A. Visconti, M. B. Freidin, J. S. E.-S. Moustafa,
M. Falchi, R. Davies, M. F. Gomez, T. Fall, M. J. Cardoso, J. Wolf, P. W. Franks, A.T. Chan,

T. D. Spector, C. J. Steves, S. Ourselin, Symptom clusters in COVID-19: A potential clinical
prediction tool from the COVID Symptom Study app. Sci. Adv. 7, eabd4177 (2021).

. D.Kobak, G. C. Linderman, Initialization is critical for preserving global data structure in

both t-SNE and UMAP. Nat. Biotechnol. 39, 156-157 (2021).

. Z.Li,J. Zhang, Y. Huang, J. Zhai, G. Liao, Z. Wang, C. Ning, Development of electroactive

materials-based immunosensor towards early-stage cancer detection. Coord. Chem. Rev.
471, 214723 (2022).

. Y.Gao, D.T.Nguyen, T. Yeo, S. B. Lim, W. X. Tan, L. E. Madden, L. Jin, J. Y. K. Long,

F.A.B. Aloweni, Y. J. A. Liew, M. L. L. Tan, S.Y. Ang, S. D. O. Maniya, |. Abdelwahab, K. P. Loh,
C.-H. Chen, D. L. Becker, D. Leavesley, J. S. Ho, C.T. Lim, A flexible multiplexed
immunosensor for point-of-care in situ wound monitoring. Sci. Adv. 7, eabg9614 (2021).

. Y.Yang, Y. Song, X. Bo, J. Min, O.S. Pak, L. Zhu, M. Wang, J. Tu, A. Kogan, H. Zhang,

T. K. Hsiai, Z. Li, W. Gao, A laser-engraved wearable sensor for sensitive detection of uric
acid and tyrosine in sweat. Nat. Biotechnol. 38, 217-224 (2020).

P. Peng, C. Liu, Z. Li, Z. Xue, P. Mao, J. Hu, F. Xu, C. Yao, M. You, Emerging ELISA derived
technologies for in vitro diagnostics. Trends Anal. Chem. 152, 116605 (2022).
V.Y.Kiselev, T. S. Andrews, M. Hemberg, Challenges in unsupervised clustering of
single-cell RNA-seq data. Nat. Rev. Genet. 20, 273-282 (2019).

M. J. Murray, N. Coleman, A new generation of biomarkers for malignant germ cell
tumours. Nat. Rev. Urol. 9, 298-300 (2012).

C. Kessel, N. Fall, A. Grom, W. de Jager, S. Vastert, R. Strippoli, C. Bracaglia, E. Sundberg,
A.Horne, S. Ehl, S. Ammann, C. Wouters, K. Lehmberg, F. De Benedetti, C. Park, C. Hinze,
H. Wittkowski, K. Kessel, K. Beutel, D. Foell, D. Holzinger, Definition and validation of
serum biomarkers for optimal differentiation of hyperferritinaemic cytokine storm
conditions in children: A retrospective cohort study. Lancet Rheumatol. 3, e563-e573
(2021).

120f 14



SCIENCE ADVANCES | RESEARCH ARTICLE

24,

25.
26.
27.
28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

41.

42.

43.

44,

45.

46.

Wang et al., Sci. Adv. 10, eadq6778 (2024)

S.Wang, Y. Nie, H. Zhu, Y. Xu, S. Cao, J. Zhang, Y. Li, J. Wang, X. Ning, D. Kong, Intrinsically
stretchable electronics with ultrahigh deformability to monitor dynamically moving
organs. Sci. Adv. 8, eabl5511 (2022).

J.Yin, S.Wang, T. Tat, J. Chen, Motion artefact management for soft bioelectronics. Nat.
Rev. Bioeng. 2, 541-558 (2024).

D. A. Giljohann, C. A. Mirkin, Drivers of biodiagnostic development. Nature 462, 461-464
(2009).

M. R. Jones, N. C. Seeman, C. A. Mirkin, Programmable materials and the nature of the
DNA bond. Science 347, 1260901 (2015).

J.Liu, Y. Lu, Preparation of aptamer-linked gold nanoparticle purple aggregates for
colorimetric sensing of analytes. Nat. Protoc. 1, 246-252 (2006).

A.J. Sivaram, A. Wardiana, C. B. Howard, S. M. Mahler, K. J. Thurecht, Recent advances in
the generation of antibody-Nanomaterial conjugates. Adv. Healthcare Mater. 7, 1700607
(2018).

N. de-los-Santos-Alvarez, M. A. J. Miranda-Ordieres, A. J. Miranda-Ordieres,
P.Tufién-Blanco, Aptamers as recognition elements for label-free analytical devices.
Trends Anal. Chem. 27, 437-446 (2008).

B.S.Wong, S. R. Shah, C. L. Yankaskas, V. K. Bajpai, P-H. Wu, D. Chin, B. Ifemembi, K. R. Faey,
P. Schiapparelli, X. Zheng, S. S. Martin, C.-M. Fan, A. Quifiones-Hinojosa,

K. Konstantopoulos, A microfluidic cell-migration assay for the prediction of progression-
free survival and recurrence time of patients with glioblastoma. Nat. Biomed. Eng. 5,
26-40 (2021).

R.T.Dhawan, D. Gopalan, L. Howard, A. Vicente, M. Park, K. Manalan, |. Wallner,

P.Marsden, S. Dave, H. Branley, G. Russell, N. Dharmarajah, O. M. Kon, Beyond the clot: Perfusion
imaging of the pulmonary vasculature after COVID-19. Lancet Respir. Med. 9, 107-116 (2021).
M. Levi, J. Thachil, T. Iba, J. H. Levy, Coagulation abnormalities and thrombosis in patients
with COVID-19. Lancet Haematol. 7, E438-E440 (2020).

Y. Guo, L. Huang, G. Zhang, Y. Yao, H. Zhou, S. Shen, B. Shen, B. Li, X. Li, Q. Zhang, M. Chen,
D. Chen, J. Wu, D. Fu, X. Zeng, M. Feng, C. Pi, Y. Wang, X. Zhou, M. Lu, Y. Li, Y. Fang, Y.-Y. Lu,
X. Hu, S. Wang, W. Zhang, G. Gao, F. Adrian, Q. Wang, F. Yu, Y. Peng, A. G. Gabibov, J. Min,
Y.Wang, H. Huang, A. Stepanov, W. Zhang, Y. Cai, J. Liu, Z. Yuan, C. Zhang, Z. Lou, F. Deng,
H. Zhang, C. Shan, L. Schweizer, K. Sun, Z. Rao, A SARS-CoV-2 neutralizing antibody with
extensive Spike binding coverage and modified for optimal therapeutic outcomes. Nat.
Commun. 12,2623 (2021).

N. Wongkaew, M. Simsek, C. Griesche, A. J. Baeumner, Functional nanomaterials and
nanostructures enhancing electrochemical biosensors and lab-on-a-chip performances:
Recent progress, applications, and future perspective. Chem. Rev. 119, 120-194 (2018).

L. Hanke, H. Das, D. J. Sheward, L. P. Vidakovics, E. Urgard, A. Moliner-Morro, C. Kim, V. Karl,
A. Pankow, N. L. Smith, B. Porebski, O. Fernandez-Capetillo, E. Sezgin, G. K. Pedersen,

J. M. Coquet, B. M. Hallberg, B. Murrell, G. M. Mclnerney, A bispecific monomeric
nanobody induces spike trimer dimers and neutralizes SARS-CoV-2 in vivo. Nat. Commun.
13,155 (2022).

G.T.Williams, C. J. Haynes, M. Fares, C. Caltagirone, J. R. Hiscock, P. A. Gale, Advances in
applied supramolecular technologies. Chem. Soc. Rev. 50, 2737-2763 (2021).

V. Vivier, M. E. Orazem, Impedance analysis of electrochemical systems. Chem. Rev. 122,
11131-11168 (2022).

X.Nie, L. Qian, R. Sun, B. Huang, X. Dong, Q. Xiao, Q. Zhang, T. Ly, L. Yue, S. Chen, X. Li,

Y. Sun, L. Li, L. Xu, Y. Li, M. Yang, Z. Xue, S. Liang, X. Ding, C. Yuan, L. Peng, W. Liu, X.Yi,

M. Lyu, G. Xiao, X. Xu, W. Ge, J. He, J. Fan, J. Wu, M. Luo, X. Chang, H. Pan, X. Cai, J. Zhou,
J.Yu, H. Gao, M. Xie, S. Wang, G. Ruan, H. Chen, H. Su, H. Mei, D. Luo, D. Zhao, F. Xu, Y. Li,

Y. Zhu, J. Xia, Y. Hu, T. Guo, Multi-organ proteomic landscape of COVID-19 autopsies. Cell
184, 775-791.E14 (2021).

A. Harroud, D. A. Hafler, Common genetic factors among autoimmune diseases. Science
380, 485-490 (2023).

R.L. Allesge, R. Nudel, W. K. Thompson, Y. Wang, M. Nordentoft, A. D. Berglum,

D. M. Hougaard, T. Werge, S. Rasmussen, M. E. Benros, Deep learning-based integration of
genetics with registry data for stratification of schizophrenia and depression. Sci. Adv. 8,
eabi7293 (2022).

J. Lee, D. Kim, J. Kong, D. Ha, I. Kim, M. Park, K. Lee, S.-H. Im, S. Kim, Cell-cell
communication network-based interpretable machine learning predicts cancer patient
response to immune checkpoint inhibitors. Sci. Adv. 10, eadj0785 (2024).

N. Kucher, S. Z. Goldhaber, Cardiac biomarkers for risk stratification of patients with acute
pulmonary embolism. Circulation 108, 2191-2194 (2003).

N. R. Smilowitz, D. Kunichoff, M. Garshick, B. Shah, M. Pillinger, J. S. Hochman, J. S. Berger,
C-reactive protein and clinical outcomes in patients with COVID-19. Eur. Heart J. 42,
2270-2279 (2021).

F.Zhou, T.Yu, R. Du, G. Fan, Y. Liu, Z. Liu, J. Xiang, Y. Wang, B. Song, X. Gu, L. Guan, Y. Wei,
H. Li, X. Wu, J. Xu, S. Tu, Y. Zhang, H. Chen, B. Cao, Clinical course and risk factors for
mortality of adult inpatients with COVID-19 in Wuhan, China: A retrospective cohort
study. Lancet 395, 1054-1062 (2020).

Z.Ramshani, F. Fan, A. Wei, M. Romanello-Giroud-Joaquim, C.-H. Gil, M. George,

M. C.Yoder, D. Hanjaya-Putra, S. Senapati, H.-C. Chang, A multiplexed immuno-sensor for

11 December 2024

47.

48.

49.

50.

51.

52

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

on-line and automated monitoring of tissue culture protein biomarkers. Talanta 225,
122021 (2021).

Z.Ramshani, C. Zhang, K. Richards, L. Chen, G. Xu, B. L. Stiles, R. Hill, S. Senapati, D. B. Go,
H.-C. Chang, Extracellular vesicle microRNA quantification from plasma using an
integrated microfluidic device. Commun. Biol. 2, 189 (2019).

J. Liu, A. Chandrashekar, D. Sellers, J. Barrett, C. Jacob-Dolan, M. Lifton, K. M. Mahan,

M. Sciacca, H. Van Wyk, C. Wu, J. Yu, A.-R. Y. Collier, D. H. Barouch, Vaccines elicit highly
conserved cellular immunity to SARS-CoV-2 Omicron. Nature 603, 493-496 (2022).

K. Stark, S. Massberg, Interplay between inflammation and thrombosis in cardiovascular
pathology. Nat. Rev. Cardiol. 18, 666-682 (2021).

B. G. Fenyves, A. Mehta, MGH COVID-19 Collection & Processing Team, K. R. Kays,

C. Beakes, J. Margolin, M. B. Goldberg, N. Hacohen, M. R. Filbin, Plasma P-selectin is an
early marker of thromboembolism in COVID-19. Am. J. Hematol. 96, E468-E471 (2021).
A. Silvin, N. Chapuis, G. Dunsmore, A.-G. Goubet, A. Dubuisson, L. Derosa, C. Almire,

C. Hénon, O. Kosmider, N. Droin, P. Rameau, C. Catelain, A. Alfaro, C. Dussiau, C. Friedrich,
E. Sourdeau, N. Marin, T.-A. Szwebel, D. Cantin, L. Mouthon, D. Borderie, M. Deloger,

D. Bredel, S. Mouraud, D. Drubay, M. Andrieu, A.-S. Lhonneur, V. Saada, A. Stoclin,

C. Willekens, F. Pommeret, F. Griscelli, L. G. Ng, Z. Zhang, P. Bost, |. Amit, F. Barlesi,

A. Marabelle, F. Pene, B. Gachot, F. André, L. Zitvogel, F. Ginhoux, M. Fontenay, E. Solary,
Elevated calprotectin and abnormal myeloid cell subsets discriminate severe from mild
COVID-19. Cell 182, 1401-1418.E18 (2020).

Y. Zuo, S. Yalavarthi, H. Shi, K. Gockman, M. Zuo, J. A. Madison, C. Blair, A. Weber,

B.J. Barnes, M. Egeblad, R. J. Woods, Y. Kanthi, J. S. Knight, Neutrophil extracellular traps in
COVID-19. JCl Insight 5, e138999 (2020).

T.J. Barrett, M. |. Cornwell, K. Myndzar, C. C. Rolling, Y. Xia, K. Drenkova, A. Biebuyck, A.T. Fields,
M. Tawil, E. Luttrell-Williams, E. Yuriditsky, G. Smith, P. Cotzia, M. D. Neal, L. Z. Kornblith,

S. Pittaluga, A. V. Rapkiewicz, H. M. Burgess, |. Mohr, K. A. Stapleford, D. Voora, K. Ruggles,
J.Hochman, J. S. Berger, Platelets amplify endotheliopathy in COVID-19. Sci. Adv. 7,
eabh2434 (2021).

|. Gouin-Thibault, A. Achkar, M. M. Samama, The thrombophilic state in cancer patients.
Acta Haematol. 106, 33-42 (2001).

N.T. Funderburg, M. M. Lederman, Coagulation and morbidity in treated HIV infection.
Thromb. Res. 133, 521-524 (2014).

P. M. Ridker, J. E. Buring, N. Rifai, Soluble P-selectin and the risk of future cardiovascular
events. Circulation 103, 491-495 (2001).

J. D. McFadyen, H. Stevens, K. Peter, The emerging threat of (micro) thrombosis in
COVID-19 and its therapeutic implications. Circ. Res. 127, 571-587 (2020).

D. Hanjaya-Putra, C. Haller, X. Wang, E. Dai, B. Lim, L. Liu, P. Jaminet, J. Yao, A. Searle,
T.Bonnard, C. E. Hagemeyer, K. Peter, E. L. Chaikof, Platelet-targeted dual pathway
antithrombotic inhibits thrombosis with preserved hemostasis. JCl Insight 3, €99329 (2018).
C. Dixon, J. Lamanna, A. R. Wheeler, Direct loading of blood for plasma separation and
diagnostic assays on a digital microfluidic device. Lab Chip 20, 1845-1855 (2020).

S. Sabrin, D. K. Karmokar, N. C. Karmakar, S.-H. Hong, H. Habibullah, E. J. Szili,
Opportunities of electronic and optical sensors in autonomous medical plasma
technologies. ACS Sens. 8, 974-993 (2023).

J.L. Mega, T. Simon, Pharmacology of antithrombotic drugs: An assessment of oral
antiplatelet and anticoagulant treatments. Lancet 386, 281-291 (2015).

S.Barco, F. A. Klok, I. Mahé, P. J. Marchena, A. Ballaz, C. M. Rubio, M. D. Adarraga,

D. Mastroiacovo, S. V. Konstantinides, M. Monreal, RIETE Investigators, Impact of sex, age,
and risk factors for venous thromboembolism on the initial presentation of first isolated
symptomatic acute deep vein thrombosis. Thromb. Res. 173, 166-171 (2019).

B. C.T.van Bussel, |. Ferreira, M. P. H. van de Waarenburg, M. M. J. Van Greevenbroek,
C.J.H.Van Der Kallen, R. M. A. Henry, E. J. M. Feskens, C. D. A. Stehouwer, C. G. Schalkwijk,
Multiple inflammatory biomarker detection in a prospective cohort study: A
cross-validation between well-established single-biomarker techniques and an
electrochemiluminescense-based multi-array platform. PLOS ONE 8, 58576 (2013).
H.Tsai, C. Hsu, . Chiu, C. B. Fuh, Detection of C-reactive protein based on immunoassay
using antibody-conjugated magnetic nanoparticles. Anal. Chem. 79, 8416-8419 (2007).
A. Kowalczyk, J. P. Sek, A. Kasprzak, M. Poplawska, I. P. Grudzinski, A. M. Nowicka,
Occlusion phenomenon of redox probe by protein as a way of voltammetric detection of
non-electroactive C-reactive protein. Biosens. Bioelectron. 117, 232-239 (2018).

M. Jarczewska, J. Rebis, L. Gorski, E. Malinowska, Development of DNA aptamer-based
sensor for electrochemical detection of C-reactive protein. Talanta 189, 45-54 (2018).

L. Dong, L. Yin, G.Tian, Y. Wang, H. Pei, Q. Wu, W. Cheng, S. Ding, Q. Xia, An enzyme-free
ultrasensitive electrochemical immunosensor for calprotectin detection based on PtNi
nanoparticles functionalized 2D Cu-metal organic framework nanosheets. Sens. Actuators
B 308, 127687 (2020).

T.Nilsen, K. Sunde, A. Larsson, A new turbidimetric immunoassay for serum calprotectin
for fully automatized clinical analysers. J. Inflammation 12, 45 (2015).

S.Resende, M. F. Frasco, P. P. Freitas, M. G. F. Sales, Detection of serum calprotectin based
on molecularly imprinted photonic hydrogels: A novel approach for IBD diagnosis.
Biosens. Bioelectron. 13, 100313 (2023).

130f 14



SCIENCE ADVANCES | RESEARCH ARTICLE

70. B.Jagannath, K.-C. Lin, M. Pali, S. Shahub, A. Sardesai, S. Muthukumar, S. Prasad, An
observational study demonstrating the measurement, characterization and validation of
expression of calprotectin in human sweat through a sweat wearable. Biosens.
Bioelectron. 13, 100314 (2023).

71. S.R.Panicker, P. Mehta-D'souza, N. Zhang, A. G. Klopocki, B. Shao, R. P. McEver, Circulating
soluble P-selectin must dimerize to promote inflammation and coagulation in mice.
Blood 130, 181-191 (2017).

72. J.-A.A.Ho, A.F-J. Jou, L.-C. Wy, S.-L. Hsu, Development of an immunopredictor for the
evaluation of the risk of cardiovascular diseases based on the level of soluble P-selectin.
Methods 56, 223-229 (2012).

73. Y.Wang, Y. Liu, X. Deng, Y. Cong, X. Jiang, Peptidic f-sheet binding with Congo Red allows
both reduction of error variance and signal amplification for immunoassays. Biosens.
Bioelectron. 86,211-218 (2016).

74. H.-J.Seyfarth, M. Koksch, G. Roethig, T. Rother, A. Neugebauer, N. Klein, D. Pfeiffer,
Effect of 300-and 450-mg clopidogrel loading doses on membrane and soluble
P-selectin in patients undergoing coronary stent implantation. Am. Heart J. 143,
118-123 (2002).

75. G.P.Nikoleli, D. P. Nikolelis, N. Tzamtzis, N. Psaroudakis, A selective immunosensor for
D-dimer based on antibody immobilized on a graphene electrode with incorporated
lipid films. Electroanalysis 26, 1522-1527 (2014).

76. Q.Zeng, X. Dong, X. Ren, D.Wu, H. Ma, Y. Li, Q. Wei, Signal-enhanced immunosensor-
based MOF-derived ZrO, nanomaterials as electrochemiluminescence emitter for
D-dimer detection. Anal. Chem. 95, 13596-13604 (2023).

77. X.Zhang,Y.Jia, R. Feng, T.Wu, N. Zhang, Y. Du, H. Ju, Cucurbituril enhanced
electrochemiluminescence of gold nanoclusters via host-guest recognition for sensitive
D-dimer sensing. Anal. Chem. 95, 1461-1469 (2022).

78. S.Chebil, I. Hafaiedh, H. Sauriat-Dorizon, N. Jaffrezic-Renault, A. Errachid, Z. Alj,

H. Korri-Youssoufi, Electrochemical detection of D-dimer as deep vein thrombosis marker

Wang et al., Sci. Adv. 10, eadq6778 (2024) 11 December 2024

using single-chain D-dimer antibody immobilized on functionalized polypyrrole. Biosens.
Bioelectron. 26, 736-742 (2010).

79. R.M.Oemrawsingh, J. M. Cheng, H. M. Garcia-Garcia, R.-J. van Geuns, S. P. M. de Boer,
C. Simsek, I. Kardys, M. J. Lenzen, R.T. van Domburg, E. Regar, P. W. Serruys,
K. M. Akkerhuis, E. Boersma, ATHEROREMO-NIRS Investigators, Near-infrared
spectroscopy predicts cardiovascular outcome in patients with coronary artery disease.
J.Am. Coll. Cardiol. 64,2510-2518 (2014).

80. R.AlDieri, B. De Laat, H. C. Hemker, Thrombin generation: What have we learned? Blood
Rev. 26, 197-203 (2012).

Acknowledgments: We thank the clinical research facility and the research staff at UCLA
Medical Center. Funding: This work was supported by the National Institutes of Health grant
HL149808 (T.K.H.), NIH HL118650 (T.K.H.), NIH HL159970 (T.K.H.), NIH HL129727 (T.K.H.), and VA
101 BX004356 (T.K.H.). Author contributions: Conceptualization: KW., O.B.A,, FP, K.SJ., J.AB.,
S.W,, PZ, and TK.H. Methodology: KW., J.M.C,, S.W.,, E.Z., and T.K.H. Validation: KW., J.Y., S.-K.P,,
JM.C, S.W,, and T.K.H. Formal analysis: K.W., E.Z., and T.K.H. Software: KW. and T.K.H. Resources:
S.W.,, PZ, C.E.M,, and T.K.H. Data curation: C.E.M. and T.K.H. Funding acquisition: T.K.H. Project
administration: TK.H. Investigation: KW., S.-K.P, JM.C,, E.Z., and TK H. Visualization: K.W., J.Y.,
S.W.,, and T.K.H. Supervision: T.K.H. Writing—original draft: KW., J.Y.,, SW., and T.K.H. Writing—
review and editing: KW,, J.Y,, O.B.A,, AD, K.S.J,, S.W,, S.M,, and TK.H. Competing interests: The
authors declare that they have no competing interests. Data and materials availability: All
data needed to evaluate the conclusions in the paper are present in the paper and/or the
Supplementary Materials.

Submitted 25 May 2024
Accepted 4 November 2024
Published 11 December 2024
10.1126/sciadv.adq6778

140f 14



	Rapid prediction of acute thrombosis via nanoengineered immunosensors with unsupervised clustering for multiple circulating biomarkers
	INTRODUCTION
	RESULTS
	Nanoengineered immunosensors with unsupervised clustering to enhance thrombosis prediction
	Rapid detection of biomarkers using nanoengineered multichannel immunosensors
	Performances of nanoengineered multichannel immunosensors in biomarker detection
	Unsupervised clustering to enhance thrombosis prediction
	Statistical analysis to evaluate different combinations of biomarkers

	DISCUSSION
	MATERIALS AND METHODS
	Materials and reagents
	Fabrication of a nanoengineered multichannel immunosensor
	Material characterization
	Operational workflow of the nanoengineered multichannel immunosensor
	Surface plasmon resonance
	Ethics statement
	Biosafety
	Patient plasma samples
	Unsupervised hierarchical clustering and dimensionality reduction analysis
	Statistical analysis
	ROC curves
	Comparison with previously reported immunosensors and thrombosis prediction strategies

	Supplementary Materials
	This PDF file includes:

	REFERENCES AND NOTES
	Acknowledgments




