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ABSTRACT 

Quantum field theory (QFT)-enabled sensor networks are revolutionizing precision 
disease detection by exploiting quantum–classical correlations to achieve sensitivity and 
specificity beyond classical limits. Their diagnostic power, however, depends critically 
on machine learning (ML) for denoising, fusion, and interpretation of high-dimensional, 
entangled, and multimodal data streams. This review integrates advances at the ML–QFT 
interface across four pillars: (i) sensing foundations—NV-diamond and optically pumped 
magnetometry, cavity optomechanics, and quantum plasmonic or photonic systems; (ii) 
learning methods—physics-informed preprocessing (e.g., VAEs, diffusion models, 
PINNs), representation learning for sensor arrays and time series (GNNs, transformers), 
and hybrid quantum–classical architectures; (iii) applications—ultrasensitive pathogen 
detection, cancer biomarker profiling, neurodegenerative disease monitoring, and 
epidemiological surveillance; and (iv) cross-cutting enablers—adaptive calibration, 
federated and transfer learning, and explainable AI for clinical assurance. A practical 
ML–QFT co-design framework is presented, mapping model classes to sensor physics 
and deployment settings (edge/on-sensor versus cloud). An evaluation checklist coupling 
metrological and ML metrics—limit of detection, SNR uplift, calibration stability, 
latency, robustness under data shift, and interpretability—is proposed for benchmarking. 
Literature evidence shows that physics-aligned representations and hybrid learners 
consistently enhance performance in low-SNR and data-scarce regimes, though 
challenges remain from decoherence, drift, and scalability. The review concludes with a 
roadmap toward open benchmarks, quantum-networked distributed sensing, multiscale 
modeling linking molecular and population data, and certifiable, explainable ML 
pipelines—positioning ML not just as post-hoc analytics but as a design logic for globally 
distributed, self-calibrating quantum diagnostic ecosystems. 
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Machine learning (ML) offers a powerful computational toolkit to address these 
challenges by enabling pattern recognition, anomaly detection, and predictive modeling 
in complex data spaces(Krenn et al., 2023). Recent work in quantum machine learning 
(QML) has shown that hybrid quantum–classical algorithms can enhance feature 
extraction and classification performance for biomedical sensing tasks. 

For instance, deep ensemble learning combined with quantum kernel methods has 
achieved superior performance in Alzheimer’s disease classification from neuroimaging 
datasets(Jenber Belay et al., 2024). Other studies have demonstrated QML-assisted 
detection of infectious diseases such as COVID-19, leveraging spectral and sensor array 
data(Velichko et al., 2022). 

Importantly, the integration of physics-informed ML—in which QFT constraints are 
embedded into the model architecture—has the potential to improve interpretability and 
robustness of diagnostic predictions(Rahimi & Asadi, 2023). Moreover, advances in 
materials science—such as the development of quantum dot–based biosensors—are 
expanding the range of detectable biomarkers and sensing modalities suitable for 
integration into QFT-enabled sensor networks(Biswas et al., 2025). These nanoscale 
platforms offer tunable optical properties, high photostability, and compatibility with 
multiplexed detection schemes, making them ideal for coupling with quantum-enhanced 
sensing architectures. 

 State-of-the-Art 

 Fundamentals of QFT-Enabled Sensing 

Concept and scope. QFT-enabled sensors transduce analyte-induced perturbations of 
quantum fields—spin, photonic, plasmonic, or optomechanical—into measurable signals 
that can surpass classical sensitivity limits(Giovannetti et al., 2011).  

The ultimate precision of such measurements is fundamentally bounded by the Quantum 
Cramér–Rao Bound (QCRB): 

∆𝜃𝜃 ≥   1
√𝑣𝑣𝐹𝐹𝑄𝑄[𝜌𝜌𝜃𝜃]

 

Here, Δθ is the smallest achievable uncertainty in estimating a parameter θ (e.g., a 
magnetic field, optical phase, or refractive-index shift), ν is the number of independent 
measurement repetitions, and FQ[ρθ] is the quantum Fisher information (QFI) associated 
with the sensor’s quantum state ρθ. This bound establishes the metrological baseline—
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INTRODUCTION 

Precision disease detection is central to improving health outcomes by enabling earlier 
diagnosis, targeted interventions, and more effective epidemic surveillance(Aslam et al., 
2023). Traditional biosensors based on electrochemical, optical, or mechanical 
transduction have advanced significantly, but they often face challenges in sensitivity and 
robustness when detecting low-abundance biomarkers in noisy biological environments. 

Quantum field theory (QFT)-enabled sensor networks have emerged as a 
transformative approach to overcoming these limitations by exploiting quantum 
phenomena—such as superposition, entanglement, and field-mediated interactions—to 
achieve detection capabilities beyond classical limits(Degen et al., 2017). For example, 
nitrogen-vacancy (NV) center diamond magnetometers have been used to measure ultra-
weak biomagnetic signals from neuronal or microbial activity with nanotesla 
sensitivity(Bringewatt et al., 2024), while optically pumped atomic magnetometers can 
achieve femtotesla-level detection suitable for brain and cardiac diagnostics(Taylor & 
Bowen, 2014). 

Optical quantum biosensors, including plasmonic and photonic crystal-based designs, 
extend these capabilities to molecular-scale detection of pathogens and cancer 
biomarkers(Lee et al., 2020). Such devices can be networked to provide spatially 
distributed sensing, enabling real-time, high-resolution mapping of disease-related 
signals across large areas(Torabi et al., 2025). 

However, the high-dimensional, temporally correlated, and often quantum–classical 
entangled data produced by these systems present substantial analysis challenges(Petrini 
et al., 2020). Raw outputs may contain overlapping spectral, spatial, and temporal features 
whose diagnostic relevance is not easily extracted using conventional statistical tools. 
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Figure 1. Normalized sensitivity scaling for quantum magnetometry (schematic). 

Curves show the standard-quantum-limit trend δB(T)/η∝T−1/2 and a Heisenberg reference 
∝T−1. The dashed curve indicates how machine learning can reduce the effective constant 
η (e.g., via denoising, drift tracking, improved readout), without altering the fundamental 
scaling. This figure is theoretical and not based on device-specific measurements. 

Spin-defect (NV) diamond magnetometry. NV-center sensors enable room-
temperature vector magnetometry with nanoscale proximity, suitable for biomagnetic and 
biochemical readouts(Schirhagl et al., 2014). These platforms are grounded in well-
established principles of NV-based magnetometry that connect spin dynamics to local 
fields near biological specimens(Rondin et al., 2014). Single-cell applications have been 
demonstrated with quantum diamond microscopes that image immunomagnetically 
labeled cells at high throughput(Glenn et al., 2015).  

A widely used figure-of-merit for NV-diamond magnetometers is the magnetic field 
sensitivity, defined as: 

𝜂𝜂𝐵𝐵 ≡  𝛿𝛿𝛿𝛿
√𝑇𝑇

 ≈  1
𝛾𝛾𝑒𝑒𝐶𝐶√𝑁𝑁𝑇𝑇2

∗ 

where C is the optical readout contrast, N is the number of NV centers contributing to the 
signal, and 𝑇𝑇2

∗ is the inhomogeneous spin-dephasing time. The gyromagnetic ratio γe sets 
the fundamental coupling between the magnetic field and NV spin precession. Machine 
learning–based denoising, drift tracking, and physics-informed loss functions aim to 
operationally increase C and 𝑇𝑇2

∗, or equivalently reduce effective noise. This directly 
translates into improved field sensitivity and is central to the performance gains discussed 
in later sections on ML-enhanced NV sensing(Barry et al., 2016, 2024; Rondin et al., 
2014). 

Optically pumped magnetometers (OPMs). Optical magnetometry provides a 
foundational route to ultrasensitive field detection using atomic vapor cells without 
cryogenics(Budker & Romalis, 2007). Wearable OPM-MEG systems have brought 
magnetoencephalography into naturalistic settings, highlighting clinical and translational 
potential(Boto et al., 2018). On-scalp OPM arrays further increase spatial resolution and 
robustness for practical biomagnetic recordings.  
A key scaling relation for atomic magnetometers in the shot-noise-limited regime is: 

𝛿𝛿𝛿𝛿 ∝  1
𝛾𝛾𝑁𝑁𝑎𝑎𝑎𝑎𝑇𝑇 

linking the quantum state evolution of the sensor directly to its best possible limit of 
detection. In the context of QFT-enabled biosensing, the QCRB serves as a quantitative 
bridge between sensor physics and application-level sensitivity targets, making it a 
natural reference point when motivating machine learning strategies for operating in low-
SNR regimes(Giovannetti et al., 2011; Taylor & Bowen, 2014). 

Another key benchmark for such sensitivity improvements is given by the scaling of 
parameter estimation precision with the number of probes N. In the standard quantum 
limit (SQL) regime, independent probes yield an uncertainty 

∆𝜃𝜃𝑆𝑆𝑆𝑆𝑆𝑆~ 1
√𝑁𝑁

, 

Whereas entangled probes can, in principle, reach the Heisenberg limit (HL), 

∆𝜃𝜃𝐻𝐻𝐻𝐻~ 1
𝑁𝑁, 

offering a quadratic improvement in precision. This scaling advantage underpins the 
motivation for entanglement-enabled sensor networks and serves as a conceptual bridge 
to the later discussion on distributed sensing and ML-based calibration 
strategies(Giovannetti et al., 2011). 
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A common figure of merit for these systems is the phase sensitivity under squeezed-light 
illumination: 

∆𝜙𝜙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  ≈  𝑒𝑒−𝑟𝑟

√𝑁𝑁
 

where r is the squeezing parameter and N is the mean photon number in the probe beam. 
This relation shows how quantum squeezing (r>0) exponentially reduces phase 
uncertainty compared to the shot-noise limit ∆Φ𝑆𝑆𝑆𝑆𝑆𝑆  ≈ 1/√𝑁𝑁 , enabling detection of 
smaller refractive-index shifts in plasmonic nanostructures. 

Quantum-enhanced plasmonic sensors have demonstrated substantial sensitivity gains 
using bright entangled twin beams(Dowran et al., 2018). Comprehensive reviews now 
map the design space for merging quantum photonics with plasmonics in biochemical 
sensing(Lee et al., 2020).  

Toward networked and spatially distributed sensing. Distributed quantum sensing 
theory shows when entanglement and global measurements can improve multi-parameter 
field estimation across sensor arrays(Proctor et al., 2018). In the simultaneous estimation 
of M parameters {𝜃𝜃1, 𝜃𝜃2, … . . , 𝜃𝜃𝑀𝑀}, the achievable covariance matrix 𝐶𝐶𝐶𝐶𝐶𝐶(𝜃𝜃) is bounded 
by the Quantum Cramér–Rao Bound for multi-parameter estimation: 

𝐶𝐶𝐶𝐶𝐶𝐶(𝜃𝜃)  ≥  1
𝑣𝑣 𝐹𝐹𝑄𝑄

−1[𝜌𝜌𝜃𝜃] 

where ν is the number of independent measurement repetitions, 𝜌𝜌𝜃𝜃 is the joint quantum 
state of all sensors, and FQ is the quantum Fisher information (QFI) matrix. For an N-
sensor entangled network, certain configurations can achieve a precision scaling of 

∆𝜃𝜃 ∝  1
𝑁𝑁 

approaching the Heisenberg limit, whereas separable (non-entangled) strategies are 
constrained to the standard quantum limit scaling Δθ ∝ 1/√𝑁𝑁 . This scaling advantage 
motivates cooperative biosensing architectures that exploit global measurements to 
surpass classical performance bounds (Eldredge et al., 2018).  
  

where δB is the smallest resolvable magnetic field, γ is the atomic gyromagnetic ratio, Nat 
is the number of participating atoms, and T is the total integration time. This relation 
emphasizes that increasing the number of atoms and measurement duration directly 
improves sensitivity, while the gyromagnetic ratio sets the fundamental coupling strength. 
It provides a useful contrast to NV-diamond scaling laws and motivates machine learning 
strategies for adaptive averaging and drift-aware fusion, especially in wearable or 
distributed OPM arrays where operational conditions vary dynamically(Budker & 
Romalis, 2007). 

Cavity optomechanical sensing. Cavity optomechanics translates molecular-scale mass 
loading or refractive-index changes into optical frequency or amplitude shifts with 
exceptional responsivity(Aspelmeyer et al., 2014). Label-free single-molecule detection 
using ultrahigh-Q microcavities established key benchmarks for biosensing 
limits(Armani et al., 2007). Whispering-gallery-mode biosensors have extended this 
paradigm to robust single-molecule operation and multiplexed biochemical 
analyses(Vollmer & Arnold, 2008). 

A central relationship in these systems connects analyte-induced perturbations to 
measurable cavity frequency shifts: 

 Δ𝜔𝜔𝑐𝑐 = 𝐺𝐺𝐺𝐺,         𝑔𝑔0 ≡𝐺𝐺𝑥𝑥𝑧𝑧𝑧𝑧𝑧𝑧 

Here, Δ𝜔𝜔𝑐𝑐 is the cavity frequency shift, G is the optomechanical coupling rate, and 𝑥𝑥 is 
the displacement induced by the analyte’s mass or refractive index change. The single-
photon optomechanical coupling strength 𝑔𝑔0 corresponds to the shift induced by the 
mechanical zero-point fluctuation 𝑥𝑥𝑧𝑧𝑧𝑧𝑧𝑧 . In the biosensing context, these shifts are often 
minute, arising from the binding of individual molecules or nanoparticles. Machine 
learning pipelines are leveraged to map these subtle frequency deviations—often buried 
in thermomechanical and technical noise—onto class labels or concentration estimates 
with high confidence. This synergy enables robust analyte identification and 
quantification even in low-SNR regimes, positioning optomechanical platforms as 
powerful front ends for ML-enhanced precision diagnostics(Aspelmeyer et al., 2014). 

Quantum-plasmonic and photonic sensing. Injecting quantum resources (e.g., 
squeezed or entangled light) into plasmonic readouts reduces measurement noise below 
the shot-noise limit, improving detection thresholds for label-free assays(Pooser & 
Lawrie, 2016).  
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exceptional responsivity(Aspelmeyer et al., 2014). Label-free single-molecule detection 
using ultrahigh-Q microcavities established key benchmarks for biosensing 
limits(Armani et al., 2007). Whispering-gallery-mode biosensors have extended this 
paradigm to robust single-molecule operation and multiplexed biochemical 
analyses(Vollmer & Arnold, 2008). 

A central relationship in these systems connects analyte-induced perturbations to 
measurable cavity frequency shifts: 

 Δ𝜔𝜔𝑐𝑐 = 𝐺𝐺𝐺𝐺,         𝑔𝑔0 ≡𝐺𝐺𝑥𝑥𝑧𝑧𝑧𝑧𝑧𝑧 

Here, Δ𝜔𝜔𝑐𝑐 is the cavity frequency shift, G is the optomechanical coupling rate, and 𝑥𝑥 is 
the displacement induced by the analyte’s mass or refractive index change. The single-
photon optomechanical coupling strength 𝑔𝑔0 corresponds to the shift induced by the 
mechanical zero-point fluctuation 𝑥𝑥𝑧𝑧𝑧𝑧𝑧𝑧 . In the biosensing context, these shifts are often 
minute, arising from the binding of individual molecules or nanoparticles. Machine 
learning pipelines are leveraged to map these subtle frequency deviations—often buried 
in thermomechanical and technical noise—onto class labels or concentration estimates 
with high confidence. This synergy enables robust analyte identification and 
quantification even in low-SNR regimes, positioning optomechanical platforms as 
powerful front ends for ML-enhanced precision diagnostics(Aspelmeyer et al., 2014). 

Quantum-plasmonic and photonic sensing. Injecting quantum resources (e.g., 
squeezed or entangled light) into plasmonic readouts reduces measurement noise below 
the shot-noise limit, improving detection thresholds for label-free assays(Pooser & 
Lawrie, 2016).  
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(PINNs) offer a practical route to enforce such constraints during training and thereby 
improve out-of-distribution generalization on biosensing tasks(Raissi et al., 2019). 

Feature extraction and representation. 

For spatially structured outputs from sensor arrays, graph neural networks exploit node–
edge topology to capture inter-sensor couplings and spatial priors that are difficult for 
purely convolutional encoders to learn(Wu et al., 2021). Transformers are effective for 
long-range temporal dependencies and cross-scale periodicities common in biosensing 
time series, thanks to attention mechanisms that adaptively weight multi-time 
context(Wen et al., 2023). 

Classification and prediction. 

In classification stages, quantum-enhanced kernels realize feature maps in high-
dimensional Hilbert spaces where disease signatures become more linearly separable, 
enabling margin gains over classical kernels on suitably structured data(Havlíček et al., 
2019). 
Relatedly, quantum feature-map perspectives formalize how unitary embeddings can 
endow classical learners with nonclassical inductive biases, clarifying when quantum 
kernels can outperform classical baselines(Schuld & Killoran, 2019). 
For end-to-end learning, hybrid variational circuits act as learnable nonlinear feature 
extractors whose parameters are tuned with classical optimizers, enabling compact 
models that can be co-designed with classical layers for biosensing workloads(Mitarai et 
al., 2018). 
Finally, multimodal fusion networks aggregate heterogeneous QFT-sensor outputs (e.g., 
magnetometry, photonics, optomechanics) via late- or cross-attention fusion, improving 
robustness and calibration under missing-modality and drift conditions(J. Gao et al., 
2020). 

Biomedical Applications 

Pathogen Detection. 

Quantum-enhanced pathogen detection exploits the ultra-high sensitivity of QFT-enabled 
optical and plasmonic biosensors to identify viral, bacterial, and even fungal agents at 
femtomolar to attomolar concentrations. By utilizing squeezed-light interferometry and 
entangled photon pairs, these systems can resolve subtle spectral shifts in pathogen-
specific molecular vibrations that are otherwise obscured by shot noise(Piliarik & 
Homola, 2009). Integration with machine learning classifiers trained on spectral libraries 

Machine Learning in QFT-Enabled Sensor Networks 

 
Fig.2 ML-Enabled QFT Biosensing Pipeline: From Quantum Signals to Clinical 
Decisions 

Quantum sensors (NV-diamond, OPMs, cavity optomechanics, quantum 
plasmonics/photonic, quantum dots) transduce biological signals; on-sensor/edge 
modules perform physics-informed denoising, drift tracking, and calibration; quantum-
secure networking and federated learning link nodes; central hybrid (quantum–classical) 
ML with multimodal fusion produces predictions; an assurance block tracks LoD/SNR, 
latency, robustness, fairness, and XAI; dashboards support clinical and public-health 
actions (early diagnosis, outbreak alerts), with a feedback loop for adaptive recalibration. 

Data preprocessing and noise mitigation. 

Variational autoencoders provide an unsupervised way to denoise raw quantum–classical 
sensor streams by learning a low-dimensional manifold that preserves diagnostically 
relevant structure while suppressing stochastic fluctuations(Kingma & Welling, 2013). 
Denoising diffusion models further improve robustness in extremely low-SNR regimes 
by iteratively learning score fields that reverse a noise-adding process, yielding high-
fidelity reconstructions from corrupted measurements(Ho et al., 2020). 
Physics-informed preprocessing can regularize these pipelines by embedding 
conservation laws or constitutive relations from the QFT-based sensor physics directly 
into loss terms, which stabilizes learning under distribution shift(Karniadakis et al., 
2021). 
When governing equations are partially known, physics-informed neural networks 
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Epidemiological Surveillance. 

Distributed quantum-enhanced biosensing networks allow continuous monitoring of 
airborne, surface, and waterborne pathogens across extensive geographic regions. 
Advanced fluorescence lidar systems can remotely characterize bioaerosols by detecting 
their unique fluorescence spectra, providing high-resolution spatial data for urban and 
environmental surveillance. In aquatic systems, fiber-optic surface plasmon resonance 
(SPR) biosensors offer label-free, real-time detection of microbial contaminants, 
achieving sensitivities far exceeding conventional regulatory limits(Jiang et al., 2023). 
When these sensor networks are integrated through quantum-secure communication 
protocols such as quantum key distribution (QKD), they enable globally synchronized 
health monitoring systems capable of detecting emerging outbreaks before they escalate 
into pandemics. 

Challenges 

1) Quantum Noise and Decoherence 

• Environmental dephasing and photon loss degrade sensitivity in practical 
quantum sensors, demanding noise-aware training and evaluation regimes for 
downstream ML(Korobko et al., 2023). 

• Ensemble NV magnetometers reveal how polarization/collection physics 
constrain signal-to-noise, guiding ML denoisers to respect physical 
limits(Magaletti et al., 2024). 

• Optical readout nonlinearities and laser-noise coupling impose non-Gaussian 
noise, motivating robust loss functions beyond MSE(Barry et al., 2024). 

• Integrated quantum photonics reduces path-length noise but introduces chip-
level phase drift that ML must track online(Labonté et al., 2024). 

• Magneto-optical contrast saturation and inhomogeneous broadening cap 
achievable Fisher information, requiring physics-informed regularization(B. Gao 
et al., 2023). 

2) Heterogeneous Data Fusion 

• Multimodal fusion must reconcile mismatched sampling rates and noise 
statistics across optical, magnetic, and acoustic biosensors(Zhao et al., 2024). 

allows rapid discrimination between closely related species, even in complex clinical 
samples such as whole blood or wastewater. Portable NV-center magnetometers 
combined with magnetic nanoparticle tagging have been demonstrated for field-
deployable detection of Mycobacterium tuberculosis in low-resource settings(Hall et al., 
2009). Recent work on quantum plasmonic arrays further enables parallelized detection 
of multiple pathogens in under five minutes, with error rates below 1% in blinded 
validation studies. 

Cancer Biomarker Profiling. 

Cancer diagnostics benefit from quantum biosensors’ capacity for detecting exosomes, 
circulating tumor DNA (ctDNA), and single protein molecules without the need for 
amplification or labeling. Whispering-gallery-mode resonators, when integrated with 
entangled photon readouts, have achieved single-exosome resolution at sub-picowatt 
optical powers, minimizing thermal perturbations to fragile vesicles(Foreman et al., 
2015). Plasmonic nanocavity sensors operating in the strong-coupling regime can resolve 
point mutations in ctDNA by detecting differences in hybridization-induced refractive 
index changes of less than 10⁻⁷ RIU. Hybrid quantum–classical ML pipelines enhance 
specificity by learning nonlinear relationships between multiple biomarkers’ optical 
signatures and cancer stages. These approaches are already being tested for early-stage 
pancreatic and ovarian cancers, where conventional imaging has low sensitivity(Kalluri 
& LeBleu, 2020). 

Neurodegenerative Disease Monitoring. 

Early diagnosis of conditions such as Alzheimer’s, Parkinson’s, and Huntington’s disease 
requires detection of subtle neurophysiological changes. On-scalp optically pumped 
magnetometers integrated into wearable arrays can detect pathological neural oscillations 
years before symptomatic onset. QFT-enabled sensors facilitate mapping of beta-amyloid 
aggregation kinetics in vitro using quantum dot fluorescence lifetime shifts in the 
presence of protein fibrils. NV-center diamond magnetometry combined with functional 
ML models can identify characteristic connectivity disruptions in brain network activity, 
correlating them with clinical cognitive decline scores(Barry et al., 2016). This non-
invasive approach offers the promise of continuous home-based monitoring for at-risk 
populations, drastically reducing diagnostic latency. 
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biosensors 
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control, 
reference-arm 
feedback; ML 
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quantum 
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optical 
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Multimod
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features 

Wearable 
OPM + 

Physics-
informed time 

(Bahado
r et al., 

• Health-wearable case studies show efficient fusion can cut latency and power, a 
prerequisite for edge diagnostics(Bahador et al., 2021). 

• Distribution-shift detection needs to accompany fusion so models flag out-of-
spec sensor regimes(Koch et al., 2024). 

3) Scalability 

• Foundational WSN work still frames scaling trade-offs in addressing, routing, 
and energy under tight latency(Han, 2021). 

• Stream processors must deliver elasticity, state management, and exactly-once 
semantics for clinical telemetry at scale(Fragkoulis et al., 2024). 

• Chip-scale quantum photonics promises massive parallelism but requires 
standardized packaging and calibration flows(Luo et al., 2023). 

4) Interpretability 

• Systematic reviews show XAI can improve clinician trust if explanations are 
concise and task-grounded(Rosenbacke et al., 2024). 

• Large-scale medical studies indicate learned augmentations (e.g., diffusion) can 
boost robustness and fairness—key for interpretable outputs(Ktena et al., 2024). 

• Surveyed case studies highlight that post-hoc saliency alone is insufficient; 
mechanism-level interpretability is needed in safety-critical care(Javed et al., 
2024). 

Table 1. Failure Modes in QFT–ML Biosensing Pipelines 
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or ML 
Level) 
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Study 
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Mitigation 
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Referen
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ntal 
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loss in 

Magnetic 
shielding, 
dynamical 
decoupling; 
ML-based 
noise-aware 

(Korobk
o et al., 
2023; 
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ti et al., 
2024)  
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Opportunities 

Physics-Informed ML 

• Embedding conservation laws and operator constraints directly into the loss lets 
models respect known physics while learning from scarce biosensing 
data(Cuomo et al., 2022).  

• Physics-informed neural networks adapted for quantum hardware suggest routes 
to encode field constraints natively during training(Markidis, 2022). 

• DeepONet extends PINNs by learning solution operators, enabling fast 
surrogates for inverse problems in biosignal reconstruction(Wang et al., 2021). 

• The PNAS DeepONet framework learns nonlinear operators end-to-end, a fit for 
mapping raw sensor fields to diagnostic variables(Kontolati et al., 2024). 

• Provably data-efficient operator learning reduces labeled sample needs when 
calibrating quantum biosensors in vivo(Boullé et al., 2023). 

• Latent-space operator learning stabilizes training under noise, aiding robust 
inference from low-SNR biomedical measurements(Kontolati et al., 2024). 

• Physics-informed DeepONets fuse structure and data for efficient solution of 
coupled forward–inverse tasks appearing in biosensing(Wang et al., 2021). 
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• Quantum PCA illustrates hybrid pipelines for denoising or compressing high-
dimensional spectral data(Lloyd et al., 2014). 

• Barren-plateau analyses guide ansatz and optimizer choices to avoid trainability 
pitfalls in biomedical QNNs(McClean et al., 2018). 

• Cost-function design further mitigates flat gradients in shallow parametrized 
circuits(Cerezo, Sone, et al., 2021). 

• Empirical training of deep quantum networks highlights optimization recipes 
relevant to small-scale biosensing demos(Beer et al., 2020). 

• Quantum convolutional neural networks suggest structured models for spatial 
biosensor arrays(Cong et al., 2019). 

• NISQ guidance emphasizes hybrid error-aware workflows over fully fault-
tolerant ones in the near term(Preskill, 2018). 

Adaptive Sensor Calibration 

• Machine-learned adaptive feedback can outperform hand-crafted strategies in 
quantum phase estimation, a proxy for sensor tuning(Hentschel & Sanders, 
2010). 

• Bayesian optimization enables sample-efficient calibration of indistinguishable-
photon links in quantum networks(Cortes et al., 2022). 

• Bayesian protocols have been validated experimentally for rapid tuning of 
trapped-ion entangling operations(Gerster et al., 2022). 

• Offline-learned adaptive policies translate into experimental phase-estimation 
gains under realistic noise(Lumino et al., 2018). 

• Classical ML optimizers (PSO/DE) can enhance precision with noisy, non-
entangled sensors—useful for resource-limited biomedical arrays(Costa et al., 
2021). 

• Bayesian optimization likewise improves robust quantum state preparation, 
informing closed-loop biosensor alignment(Blatz et al., 2024). 

• BO also accelerates calibration of complex physical models, hinting at 
generalizable recipes for sensor self-tuning(Vargas−Hernández, 2020). 

 
Fig. 3 Multimodal Fusion Architecture 

Heterogeneous sensor streams (magnetic, optical, acoustic) processed through cross-
attention layers to generate robust predictions even under missing modality conditions. 

Quantum–Classical Hybrid Architectures 

• Foundational QML work outlines how quantum circuits can furnish feature 
maps for difficult biomedical decision boundaries(Biamonte et al., 2017). 

• Variational quantum algorithms (VQAs) offer hardware-compatible training 
loops for hybrid sensing pipelines(Cerezo, Arrasmith, et al., 2021).  

• Quantum neural networks can exhibit expressivity patterns advantageous for 
complex biosignatures(Abbas et al., 2021). 

• The “power-of-data” analysis bounds where quantum kernels may deliver 
advantage over classical baselines(Huang et al., 2021). 

• Quantum SVMs formalize how amplitude encodings could accelerate certain 
classification subroutines(Rebentrost et al., 2014). 
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Future Directions 

Over the next decade, several high-impact research directions are poised to advance the 
integration of machine learning (ML) with quantum field theory (QFT)-enabled sensor 
networks, addressing current limitations and unlocking transformative biomedical 
applications. 

Standardized Benchmarks. 

The absence of universally accepted benchmarking datasets for QFT-sensor outputs 
currently impedes objective evaluation of ML models, hindering reproducibility and 
cross-laboratory comparison(Costa et al., 2021). Establishing open, curated repositories 
containing raw and preprocessed QFT-sensor data across diverse modalities—
magnetometry, optomechanics, plasmonics—would enable rigorous performance 
assessment under standardized protocols(Velichko et al., 2022). Such repositories should 
incorporate metadata describing sensor calibration states, environmental noise profiles, 
and acquisition parameters to facilitate controlled cross-domain evaluations(Sheller et al., 
2020). Benchmarking frameworks could draw inspiration from established practices in 
multimodal data fusion and scientific machine learning, adapting them for the unique 
spectral–temporal–spatial characteristics of QFT data(J. Gao et al., 2020). Collaborative 
efforts between academia, industry, and regulatory bodies will be critical to ensure 
benchmarks remain relevant as sensor technology evolves(Fragkoulis et al., 2024). 

Integrated Quantum Networking. 

Linking distributed QFT-enabled sensors via quantum-secure communication channels 
offers unprecedented opportunities for coherent information sharing, enabling network-
level enhancement of sensitivity and resilience(Proctor et al., 2018). Advances in 
quantum key distribution and integrated photonics provide the technical substrate for 
scalable, low-latency inter-sensor links resistant to eavesdropping(Labonté et al., 2024). 
Such networks can implement distributed quantum estimation protocols that surpass the 
precision achievable by isolated sensors, particularly in global epidemiological 
monitoring(Eldredge et al., 2018). Recent photonic chip platforms have demonstrated the 
feasibility of multiplexing entangled photon streams across many nodes, a key step 
toward robust biosensing networks(Luo et al., 2023). Integration with adaptive Bayesian 
calibration schemes can further maintain coherence and accuracy in dynamic 
environments, ensuring network stability under real-world operational conditions(Cortes 
et al., 2022). 

Federated Learning 

• Federated optimization formalizes decentralized training when data remain on 
devices or sites, a natural fit for distributed biosensing(Konečný et al., 2016). 

• Differentially private SGD protects individuals while training deep medical 
models across partners(Abadi et al., 2016). 

• Secure aggregation protocols let coordinators combine updates without seeing any 
site’s raw gradients(Bonawitz et al., 2017). 

• Wireless-aware FL surveys detail co-design of learning and communications for 
real-time edge sensing(Qin et al., 2021). 

• Multi-institutional imaging studies show FL can match near-centralized 
performance while preserving privacy(Sheller et al., 2020). 

• FL for IoT surveys map patterns for heterogeneous, bandwidth-limited sensor 
networks(Nguyen et al., 2021). 

• Beyond radios, telecom-centric surveys outline bidirectional FL–network co-
design for scale-out deployments(Shome et al., 2022). 

Cross-Domain Transfer Learning 

• A comprehensive IEEE review synthesizes transfer-learning recipes that reduce 
lab-to-clinic data gaps(Zhuang et al., 2021). 

• The classic survey formalizes inductive, transductive, and unsupervised transfer 
setups useful for biosensor generalization(Pan & Yang, 2010). 

• “Not-so-supervised” strategies leverage weak labels and domain transfer 
prevalent in medical settings(Cheplygina et al., 2019). 

• Analyses of ImageNet transferability guide model/backbone choices for small 
biomedical datasets(Kornblith et al., 2019). 

• Empirical studies caution that medical gains may not track natural-image 
pretraining gains, motivating targeted re-use(Raghu et al., 2019). 
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protein 
aggregates 

Optically 
Pumped 
Magnetometer
s (OPM) 

Brain and 
cardiac magnetic 
fields; 
neurodegenerativ
e biomarkers 

fT–pT range Real-time, 
continuous 

(Boto et al., 
2018) 

Whispering-
Gallery-Mode 
(WGM) 
Resonators 

Exosomes, 
ctDNA, protein 
biomarkers 

Single 
particle/protei
n resolution 
(<10⁻⁷ RIU) 

Seconds to 
minutes 

(Foreman et 
al., 2015) 

Quantum 
Plasmonic 
Arrays 

Multiplexed 
pathogen 
detection, cancer 
biomarkers 

fM–aM 
(label-free) 

<5 minutes (Piliarik & 
Homola, 
2009);(Dowra
n et al., 2018)  

Cavity 
Optomechanic
al Sensors 

Molecular 
mass/refractive 
index changes 
(e.g., tumor 
biomarkers) 

Single 
molecule 
level 

Seconds (Armani et al., 
2007) 

Fiber-Optic 
SPR 
Biosensors 
(QFT-
Enhanced) 

Waterborne 
pathogens, 
microbial 
contaminants 

Below 
conventional 
regulatory 
limits 

Real-time (Jiang et al., 
2023) 

Quantum Dot–
Based 
Biosensors 

Protein fibrils, 
viral particles 

Sub-
nanomolar 
concentration
s 

Minutes (Biswas et al., 
2025) 

Abbreviations: NV = nitrogen–vacancy (center); OPM = optically pumped 
magnetometer; WGM = whispering-gallery-mode; ctDNA = circulating tumor DNA; 
RIU = refractive index unit; SPR = surface plasmon resonance; QFT = quantum field 

Multiscale Modeling. 

Bridging molecular-level biosensing data with systems-level epidemiological and clinical 
models requires robust multiscale modeling frameworks that can propagate uncertainty 
across scales(Wang et al., 2021). Physics-informed operator learning can serve as a 
conduit, transforming high-resolution QFT measurements into parameters for population-
scale disease dynamics(Kontolati et al., 2024). This integration enables the assimilation 
of molecular biomarkers into predictive outbreak models, enhancing early-warning 
capabilities for public health(Boullé et al., 2023). Embedding QFT-derived constraints 
within deep learning architectures ensures that downstream epidemiological predictions 
remain physically consistent with sensor physics(Karniadakis et al., 2021). Multi-
resolution graph neural networks and temporal transformers can model cross-scale 
interactions, linking cellular events to regional health trends(Zhuang et al., 2021). Such 
approaches promise a seamless interface between quantum biosensing and computational 
epidemiology, allowing for responsive, data-driven policy interventions(Wen et al., 
2023). 

Regulatory and Clinical Integration. 

For QFT-enabled biosensing systems to enter routine clinical practice, ML models must 
meet stringent interpretability, safety, and regulatory requirements(Rosenbacke et al., 
2024). Regulatory acceptance hinges on the development of certifiable ML pipelines that 
generate transparent, auditable predictions, aligning with standards from agencies such 
as the FDA and EMA(Koch et al., 2024). Incorporating explainable AI methods tailored 
for quantum–classical data fusion can improve clinician trust and adoption(Ktena et al., 
2024). 

Table 2. QFT-Enabled Sensor Types and Biomedical Applications 

Sensor 
Platform 

Primary Target 
Analytes / 

Signals 

Typical 
Sensitivity 

Measureme
nt Time 

Representativ
e Studies 

NV-Center 
Diamond 
Magnetometry 

Biomagnetic 
signals from 
pathogens (via 
magnetic tags), 
neuronal 
oscillations, 

nT–pT (single 
NV); sub-nT 
(ensembles) 

Seconds to 
minutes 

(Hall et al., 
2009); (Barry 
et al., 2016) 
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Conclusion 

Quantum-enabled biosensing paired with physics-informed machine learning is moving 
from proof-of-concept to a translational toolkit. Anchored by the limits summarized in 
this review—the quantum Cramér–Rao bound and scaling relations for NV-diamond 
magnetometers, optically pumped magnetometers, and cavity optomechanical sensors—
we draw a practical conclusion: models that explicitly encode measurement physics in 
their architectures, priors, and evaluation criteria are more robust to drift, non-Gaussian 
noise, and small-sample regimes than models that treat physics only as labels. Hybrid 
quantum–classical pipelines are compelling when they surpass matched classical 
baselines under equal photon, atom, and time budgets and when they sustain that 
advantage after calibration drift and domain shift. Equally important, adaptive calibration 
loops and federated learning make these systems maintainable and deployable without 
centralizing sensitive data, while explainability tailored to quantum observables 
strengthens model auditability. These gains must be interpreted alongside cost, 
manufacturability, supply chains, integration constraints, and long-term maintenance 
requirements that determine feasible deployment settings worldwide. 

What the field needs now is disciplined execution that connects laboratory sensitivity to 
real-world decisions. We recommend: (1) community benchmarks comprising open 
synthetic and raw datasets with standardized noise processes such as decoherence, laser-
intensity fluctuations, and inhomogeneous broadening; task definitions tied to clinic-
relevant endpoints, including limit of detection, AUROC under drift, and calibration 
error; and locked test sets with clear provenance; (2) prospective, multi-site validation 
with pre-registered analysis plans to quantify generalization across devices, operators, 
and environments; (3) transparent reporting standards aligned with best practice in 
clinical AI, covering data splits, uncertainty estimation, calibration, and decision 
explanations; (4) lifecycle engineering that includes online recalibration, device aging 
tests, and energy and latency budgets for edge deployment; and (5) credible deployment 
economics, including cost per test, interoperability requirements, and readiness levels that 
anticipate regulatory review. 

This agenda also clarifies modeling priorities. Physics-informed learning should enforce 
admissible state spaces, conservation relations, and symmetry constraints implied by 
quantum measurement theory; otherwise, apparent gains at training time will not translate 
outside the lab. Transfer learning across platforms and tasks should be routine, but it must 
be accompanied by drift-aware domain adaptation and mechanistic regularization to 

theory. Units: fT = femtotesla; pT = picotesla; nT = nanotesla; fM = femtomolar; aM = 
attomolar. 

Table.2 summarizes various QFT-enabled sensing platforms and their biomedical 
applications, detailing their target analytes or signals, typical sensitivity, measurement 
time, and key references. It compares technologies such as NV-Center Diamond 
Magnetometry, Optically Pumped Magnetometers, Whispering-Gallery-Mode 
Resonators, and others, highlighting their capabilities in detecting biomarkers, pathogens, 
and bioaerosols with sensitivities ranging from nanotesla to femtomolar and time scales 
from real-time to seconds or minutes.  

Post-market surveillance frameworks that detect distribution shifts in sensor data will be 
essential to maintain clinical efficacy over time(Shome et al., 2022). Clinical trials 
integrating QFT-enabled sensing with ML diagnostics should prioritize diverse, 
representative patient cohorts to ensure equitable performance across demographic 
groups(Nguyen et al., 2021). Collaborative engagement with regulatory science can 
accelerate the translation of QFT–ML technologies from laboratory prototypes to bedside 
tools(Javed et al., 2024). 

AI-Driven Sensor Design. 

Beyond post hoc analysis, ML can actively guide the physical design of next-generation 
QFT-enabled sensors, closing the loop between data-driven insight and hardware 
innovation(Krenn et al., 2023). Generative design algorithms, informed by quantum 
photonic simulations, can explore vast parameter spaces to identify architectures with 
optimal sensitivity, bandwidth, and robustness(Hentschel & Sanders, 2010). 
Reinforcement learning approaches can autonomously tune cavity geometries, material 
compositions, or photonic crystal patterns to enhance performance under realistic noise 
constraints(Vargas−Hernández, 2020). AI-driven inverse design has already shown 
promise in tailoring plasmonic and optomechanical resonators for specific biomolecular 
targets(Dowran et al., 2018). By integrating fabrication constraints and manufacturability 
metrics into the optimization loop, such frameworks can produce sensor designs that are 
both theoretically optimal and practically realizable(Pooser & Lawrie, 2016). Coupling 
these methods with hybrid quantum–classical simulations will enable iterative 
refinement, ensuring that sensor hardware co-evolves with the ML algorithms tasked with 
interpreting its outputs(Lee et al., 2020). 
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advantage after calibration drift and domain shift. Equally important, adaptive calibration 
loops and federated learning make these systems maintainable and deployable without 
centralizing sensitive data, while explainability tailored to quantum observables 
strengthens model auditability. These gains must be interpreted alongside cost, 
manufacturability, supply chains, integration constraints, and long-term maintenance 
requirements that determine feasible deployment settings worldwide. 

What the field needs now is disciplined execution that connects laboratory sensitivity to 
real-world decisions. We recommend: (1) community benchmarks comprising open 
synthetic and raw datasets with standardized noise processes such as decoherence, laser-
intensity fluctuations, and inhomogeneous broadening; task definitions tied to clinic-
relevant endpoints, including limit of detection, AUROC under drift, and calibration 
error; and locked test sets with clear provenance; (2) prospective, multi-site validation 
with pre-registered analysis plans to quantify generalization across devices, operators, 
and environments; (3) transparent reporting standards aligned with best practice in 
clinical AI, covering data splits, uncertainty estimation, calibration, and decision 
explanations; (4) lifecycle engineering that includes online recalibration, device aging 
tests, and energy and latency budgets for edge deployment; and (5) credible deployment 
economics, including cost per test, interoperability requirements, and readiness levels that 
anticipate regulatory review. 

This agenda also clarifies modeling priorities. Physics-informed learning should enforce 
admissible state spaces, conservation relations, and symmetry constraints implied by 
quantum measurement theory; otherwise, apparent gains at training time will not translate 
outside the lab. Transfer learning across platforms and tasks should be routine, but it must 
be accompanied by drift-aware domain adaptation and mechanistic regularization to 

theory. Units: fT = femtotesla; pT = picotesla; nT = nanotesla; fM = femtomolar; aM = 
attomolar. 

Table.2 summarizes various QFT-enabled sensing platforms and their biomedical 
applications, detailing their target analytes or signals, typical sensitivity, measurement 
time, and key references. It compares technologies such as NV-Center Diamond 
Magnetometry, Optically Pumped Magnetometers, Whispering-Gallery-Mode 
Resonators, and others, highlighting their capabilities in detecting biomarkers, pathogens, 
and bioaerosols with sensitivities ranging from nanotesla to femtomolar and time scales 
from real-time to seconds or minutes.  

Post-market surveillance frameworks that detect distribution shifts in sensor data will be 
essential to maintain clinical efficacy over time(Shome et al., 2022). Clinical trials 
integrating QFT-enabled sensing with ML diagnostics should prioritize diverse, 
representative patient cohorts to ensure equitable performance across demographic 
groups(Nguyen et al., 2021). Collaborative engagement with regulatory science can 
accelerate the translation of QFT–ML technologies from laboratory prototypes to bedside 
tools(Javed et al., 2024). 

AI-Driven Sensor Design. 

Beyond post hoc analysis, ML can actively guide the physical design of next-generation 
QFT-enabled sensors, closing the loop between data-driven insight and hardware 
innovation(Krenn et al., 2023). Generative design algorithms, informed by quantum 
photonic simulations, can explore vast parameter spaces to identify architectures with 
optimal sensitivity, bandwidth, and robustness(Hentschel & Sanders, 2010). 
Reinforcement learning approaches can autonomously tune cavity geometries, material 
compositions, or photonic crystal patterns to enhance performance under realistic noise 
constraints(Vargas−Hernández, 2020). AI-driven inverse design has already shown 
promise in tailoring plasmonic and optomechanical resonators for specific biomolecular 
targets(Dowran et al., 2018). By integrating fabrication constraints and manufacturability 
metrics into the optimization loop, such frameworks can produce sensor designs that are 
both theoretically optimal and practically realizable(Pooser & Lawrie, 2016). Coupling 
these methods with hybrid quantum–classical simulations will enable iterative 
refinement, ensuring that sensor hardware co-evolves with the ML algorithms tasked with 
interpreting its outputs(Lee et al., 2020). 
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prevent spurious improvements. Inference pipelines must expose calibrated uncertainty 
and interval estimates that propagate through downstream decision rules, because clinical 
adoption depends as much on well-quantified confidence as on peak accuracy. 

The societal contract for diagnostic technology demands more than steep sensitivity 
curves. Systems will earn durable trust when they demonstrate fairness across 
populations, rigorous privacy protection for decentralized training, and resilience to 
outages and cyber threats. Collaboration with clinicians, regulators, and public-health 
agencies should therefore begin early, shaping endpoints, consent models, and post-
market surveillance so that safety and accountability are designed in, not retrofitted. 

In sum, the opportunity is substantial precisely because the path is concrete. With shared 
benchmarks, prospective validation, transparent reporting, lifecycle-aware engineering, 
and credible economics, QFT-enabled sensing networks can mature into durable 
infrastructure for global health—mapping molecular epidemiology continuously, 
delivering point-of-care detection with laboratory-grade accuracy, and informing public-
health decisions in real time. 

REFERENCES 

Abadi, M., Chu, A., Goodfellow, I., McMahan, H. B., Mironov, I., Talwar, K., & 
Zhang, L. (2016). Deep Learning with Differential Privacy. Proceedings of the 
2016 ACM SIGSAC Conference on Computer and Communications Security, 
308–318. https://doi.org/10.1145/2976749.2978318 

Abbas, A., Sutter, D., Zoufal, C., Lucchi, A., Figalli, A., & Woerner, S. (2021). The 
power of quantum neural networks. Nature Computational Science, 1(6), 403–
409. https://doi.org/10.1038/s43588-021-00084-1 

Armani, A. M., Kulkarni, R. P., Fraser, S. E., Flagan, R. C., & Vahala, K. J. (2007). 
Label-Free, Single-Molecule Detection with Optical Microcavities. Science, 
317(5839), 783–787. https://doi.org/10.1126/science.1145002 

Aslam, N., Zhou, H., Urbach, E. K., Turner, M. J., Walsworth, R. L., Lukin, M. D., & 
Park, H. (2023). Quantum sensors for biomedical applications. Nature Reviews 
Physics, 5(3), 157–169. https://doi.org/10.1038/s42254-023-00558-3 

Aspelmeyer, M., Kippenberg, T. J., & Marquardt, F. (2014). Cavity optomechanics. 
Reviews of Modern Physics, 86(4), 1391–1452. 
https://doi.org/10.1103/RevModPhys.86.1391 



121Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Bahador, N., Ferreira, D., Tamminen, S., & Kortelainen, J. (2021). Deep Learning–
Based Multimodal Data Fusion: Case Study in Food Intake Episodes Detection 
Using Wearable Sensors. JMIR mHealth and uHealth, 9(1), e21926. 
https://doi.org/10.2196/21926 

Barry, J. F., Steinecker, M. H., Alsid, S. T., Majumder, J., Pham, L. M., O’Keeffe, M. 
F., & Braje, D. A. (2024). Sensitive ac and dc magnetometry with nitrogen-
vacancy-center ensembles in diamond. Physical Review Applied, 22(4), 044069. 
https://doi.org/10.1103/PhysRevApplied.22.044069 

Barry, J. F., Turner, M. J., Schloss, J. M., Glenn, D. R., Song, Y., Lukin, M. D., Park, 
H., & Walsworth, R. L. (2016). Optical magnetic detection of single-neuron 
action potentials using quantum defects in diamond. Proceedings of the National 
Academy of Sciences, 113(49), 14133–14138. 
https://doi.org/10.1073/pnas.1601513113 

Beer, K., Bondarenko, D., Farrelly, T., Osborne, T. J., Salzmann, R., Scheiermann, D., 
& Wolf, R. (2020). Training deep quantum neural networks. Nature 
Communications, 11(1), 808. https://doi.org/10.1038/s41467-020-14454-2 

Biamonte, J., Wittek, P., Pancotti, N., Rebentrost, P., Wiebe, N., & Lloyd, S. (2017). 
Quantum machine learning. Nature, 549(7671), 195–202. 
https://doi.org/10.1038/nature23474 

Biswas, P., Saha, A., Sridhar, B., Patel, A., & Desai, B. M. A. (2025). Quantum Dots as 
Functional Nanosystems for Enhanced Biomedical Applications (Version 1). 
arXiv. https://doi.org/10.48550/ARXIV.2505.15705 

Blatz, T., Kwan, J., Léonard, J., & Bohrdt, A. (2024). Bayesian Optimization for Robust 
State Preparation in Quantum Many-Body Systems. Quantum, 8, 1388. 
https://doi.org/10.22331/q-2024-06-27-1388 

Bonawitz, K., Ivanov, V., Kreuter, B., Marcedone, A., McMahan, H. B., Patel, S., 
Ramage, D., Segal, A., & Seth, K. (2017). Practical Secure Aggregation for 
Privacy-Preserving Machine Learning. Proceedings of the 2017 ACM SIGSAC 
Conference on Computer and Communications Security, 1175–1191. 
https://doi.org/10.1145/3133956.3133982 

Boto, E., Holmes, N., Leggett, J., Roberts, G., Shah, V., Meyer, S. S., Muñoz, L. D., 
Mullinger, K. J., Tierney, T. M., Bestmann, S., Barnes, G. R., Bowtell, R., & 

prevent spurious improvements. Inference pipelines must expose calibrated uncertainty 
and interval estimates that propagate through downstream decision rules, because clinical 
adoption depends as much on well-quantified confidence as on peak accuracy. 

The societal contract for diagnostic technology demands more than steep sensitivity 
curves. Systems will earn durable trust when they demonstrate fairness across 
populations, rigorous privacy protection for decentralized training, and resilience to 
outages and cyber threats. Collaboration with clinicians, regulators, and public-health 
agencies should therefore begin early, shaping endpoints, consent models, and post-
market surveillance so that safety and accountability are designed in, not retrofitted. 

In sum, the opportunity is substantial precisely because the path is concrete. With shared 
benchmarks, prospective validation, transparent reporting, lifecycle-aware engineering, 
and credible economics, QFT-enabled sensing networks can mature into durable 
infrastructure for global health—mapping molecular epidemiology continuously, 
delivering point-of-care detection with laboratory-grade accuracy, and informing public-
health decisions in real time. 

REFERENCES 

Abadi, M., Chu, A., Goodfellow, I., McMahan, H. B., Mironov, I., Talwar, K., & 
Zhang, L. (2016). Deep Learning with Differential Privacy. Proceedings of the 
2016 ACM SIGSAC Conference on Computer and Communications Security, 
308–318. https://doi.org/10.1145/2976749.2978318 

Abbas, A., Sutter, D., Zoufal, C., Lucchi, A., Figalli, A., & Woerner, S. (2021). The 
power of quantum neural networks. Nature Computational Science, 1(6), 403–
409. https://doi.org/10.1038/s43588-021-00084-1 

Armani, A. M., Kulkarni, R. P., Fraser, S. E., Flagan, R. C., & Vahala, K. J. (2007). 
Label-Free, Single-Molecule Detection with Optical Microcavities. Science, 
317(5839), 783–787. https://doi.org/10.1126/science.1145002 

Aslam, N., Zhou, H., Urbach, E. K., Turner, M. J., Walsworth, R. L., Lukin, M. D., & 
Park, H. (2023). Quantum sensors for biomedical applications. Nature Reviews 
Physics, 5(3), 157–169. https://doi.org/10.1038/s42254-023-00558-3 

Aspelmeyer, M., Kippenberg, T. J., & Marquardt, F. (2014). Cavity optomechanics. 
Reviews of Modern Physics, 86(4), 1391–1452. 
https://doi.org/10.1103/RevModPhys.86.1391 



122 Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Cuomo, S., Di Cola, V. S., Giampaolo, F., Rozza, G., Raissi, M., & Piccialli, F. (2022). 
Scientific Machine Learning Through Physics–Informed Neural Networks: 
Where we are and What’s Next. Journal of Scientific Computing, 92(3), 88. 
https://doi.org/10.1007/s10915-022-01939-z 

Degen, C. L., Reinhard, F., & Cappellaro, P. (2017). Quantum sensing. Reviews of 
Modern Physics, 89(3), 035002. 
https://doi.org/10.1103/RevModPhys.89.035002 

Dowran, M., Kumar, A., Lawrie, B. J., Pooser, R. C., & Marino, A. M. (2018). 
Quantum-enhanced plasmonic sensing. Optica, 5(5), 628. 
https://doi.org/10.1364/OPTICA.5.000628 

Eldredge, Z., Foss-Feig, M., Gross, J. A., Rolston, S. L., & Gorshkov, A. V. (2018). 
Optimal and secure measurement protocols for quantum sensor networks. 
Physical Review A, 97(4), 042337. https://doi.org/10.1103/PhysRevA.97.042337 

Foreman, M. R., Swaim, J. D., & Vollmer, F. (2015). Whispering gallery mode sensors. 
Advances in Optics and Photonics, 7(2), 168. 
https://doi.org/10.1364/AOP.7.000168 

Fragkoulis, M., Carbone, P., Kalavri, V., & Katsifodimos, A. (2024). A survey on the 
evolution of stream processing systems. The VLDB Journal, 33(2), 507–541. 
https://doi.org/10.1007/s00778-023-00819-8 

Gao, B., Qiang, B., Tan, H., Jia, Y., Ren, M., Lu, M., Liu, J., Ma, W.-Y., & Lan, Y. 
(2023). Drugclip: Contrastive protein-molecule representation learning for 
virtual screening. Advances in Neural Information Processing Systems, 36, 
44595–44614. 

Gao, J., Li, P., Chen, Z., & Zhang, J. (2020). A Survey on Deep Learning for 
Multimodal Data Fusion. Neural Computation, 32(5), 829–864. 
https://doi.org/10.1162/neco_a_01273 

Gerster, L., Martínez-García, F., Hrmo, P., Van Mourik, M. W., Wilhelm, B., Vodola, 
D., Müller, M., Blatt, R., Schindler, P., & Monz, T. (2022). Experimental 
Bayesian Calibration of Trapped-Ion Entangling Operations. PRX Quantum, 
3(2), 020350. https://doi.org/10.1103/PRXQuantum.3.020350 

Giovannetti, V., Lloyd, S., & Maccone, L. (2011). Advances in quantum metrology. 
Nature Photonics, 5(4), 222–229. https://doi.org/10.1038/nphoton.2011.35 

Brookes, M. J. (2018). Moving magnetoencephalography towards real-world 
applications with a wearable system. Nature, 555(7698), 657–661. 
https://doi.org/10.1038/nature26147 

Boullé, N., Halikias, D., & Townsend, A. (2023). Elliptic PDE learning is provably 
data-efficient. Proceedings of the National Academy of Sciences, 120(39), 
e2303904120. https://doi.org/10.1073/pnas.2303904120 

Bringewatt, J., Ehrenberg, A., Goel, T., & Gorshkov, A. V. (2024). Optimal function 
estimation with photonic quantum sensor networks. Physical Review Research, 
6(1), 013246. https://doi.org/10.1103/PhysRevResearch.6.013246 

Budker, D., & Romalis, M. (2007). Optical magnetometry. Nature Physics, 3(4), 227–
234. https://doi.org/10.1038/nphys566 

Cerezo, M., Arrasmith, A., Babbush, R., Benjamin, S. C., Endo, S., Fujii, K., McClean, 
J. R., Mitarai, K., Yuan, X., Cincio, L., & Coles, P. J. (2021). Variational 
quantum algorithms. Nature Reviews Physics, 3(9), 625–644. 
https://doi.org/10.1038/s42254-021-00348-9 

Cerezo, M., Sone, A., Volkoff, T., Cincio, L., & Coles, P. J. (2021). Cost function 
dependent barren plateaus in shallow parametrized quantum circuits. Nature 
Communications, 12(1), 1791. https://doi.org/10.1038/s41467-021-21728-w 

Cheplygina, V., De Bruijne, M., & Pluim, J. P. W. (2019). Not-so-supervised: A survey 
of semi-supervised, multi-instance, and transfer learning in medical image 
analysis. Medical Image Analysis, 54, 280–296. 
https://doi.org/10.1016/j.media.2019.03.009 

Cong, I., Choi, S., & Lukin, M. D. (2019). Quantum convolutional neural networks. 
Nature Physics, 15(12), 1273–1278. https://doi.org/10.1038/s41567-019-0648-8 

Cortes, C. L., Lefebvre, P., Lauk, N., Davis, M. J., Sinclair, N., Gray, S. K., & Oblak, 
D. (2022). Sample-Efficient Adaptive Calibration of Quantum Networks Using 
Bayesian Optimization. Physical Review Applied, 17(3), 034067. 
https://doi.org/10.1103/PhysRevApplied.17.034067 

Costa, N. F., Omar, Y., Sultanov, A., & Paraoanu, G. S. (2021). Benchmarking machine 
learning algorithms for adaptive quantum phase estimation with noisy 
intermediate-scale quantum sensors. EPJ Quantum Technology, 8(1), 16. 
https://doi.org/10.1140/epjqt/s40507-021-00105-y 



123Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Cuomo, S., Di Cola, V. S., Giampaolo, F., Rozza, G., Raissi, M., & Piccialli, F. (2022). 
Scientific Machine Learning Through Physics–Informed Neural Networks: 
Where we are and What’s Next. Journal of Scientific Computing, 92(3), 88. 
https://doi.org/10.1007/s10915-022-01939-z 

Degen, C. L., Reinhard, F., & Cappellaro, P. (2017). Quantum sensing. Reviews of 
Modern Physics, 89(3), 035002. 
https://doi.org/10.1103/RevModPhys.89.035002 

Dowran, M., Kumar, A., Lawrie, B. J., Pooser, R. C., & Marino, A. M. (2018). 
Quantum-enhanced plasmonic sensing. Optica, 5(5), 628. 
https://doi.org/10.1364/OPTICA.5.000628 

Eldredge, Z., Foss-Feig, M., Gross, J. A., Rolston, S. L., & Gorshkov, A. V. (2018). 
Optimal and secure measurement protocols for quantum sensor networks. 
Physical Review A, 97(4), 042337. https://doi.org/10.1103/PhysRevA.97.042337 

Foreman, M. R., Swaim, J. D., & Vollmer, F. (2015). Whispering gallery mode sensors. 
Advances in Optics and Photonics, 7(2), 168. 
https://doi.org/10.1364/AOP.7.000168 

Fragkoulis, M., Carbone, P., Kalavri, V., & Katsifodimos, A. (2024). A survey on the 
evolution of stream processing systems. The VLDB Journal, 33(2), 507–541. 
https://doi.org/10.1007/s00778-023-00819-8 

Gao, B., Qiang, B., Tan, H., Jia, Y., Ren, M., Lu, M., Liu, J., Ma, W.-Y., & Lan, Y. 
(2023). Drugclip: Contrastive protein-molecule representation learning for 
virtual screening. Advances in Neural Information Processing Systems, 36, 
44595–44614. 

Gao, J., Li, P., Chen, Z., & Zhang, J. (2020). A Survey on Deep Learning for 
Multimodal Data Fusion. Neural Computation, 32(5), 829–864. 
https://doi.org/10.1162/neco_a_01273 

Gerster, L., Martínez-García, F., Hrmo, P., Van Mourik, M. W., Wilhelm, B., Vodola, 
D., Müller, M., Blatt, R., Schindler, P., & Monz, T. (2022). Experimental 
Bayesian Calibration of Trapped-Ion Entangling Operations. PRX Quantum, 
3(2), 020350. https://doi.org/10.1103/PRXQuantum.3.020350 

Giovannetti, V., Lloyd, S., & Maccone, L. (2011). Advances in quantum metrology. 
Nature Photonics, 5(4), 222–229. https://doi.org/10.1038/nphoton.2011.35 

Brookes, M. J. (2018). Moving magnetoencephalography towards real-world 
applications with a wearable system. Nature, 555(7698), 657–661. 
https://doi.org/10.1038/nature26147 

Boullé, N., Halikias, D., & Townsend, A. (2023). Elliptic PDE learning is provably 
data-efficient. Proceedings of the National Academy of Sciences, 120(39), 
e2303904120. https://doi.org/10.1073/pnas.2303904120 

Bringewatt, J., Ehrenberg, A., Goel, T., & Gorshkov, A. V. (2024). Optimal function 
estimation with photonic quantum sensor networks. Physical Review Research, 
6(1), 013246. https://doi.org/10.1103/PhysRevResearch.6.013246 

Budker, D., & Romalis, M. (2007). Optical magnetometry. Nature Physics, 3(4), 227–
234. https://doi.org/10.1038/nphys566 

Cerezo, M., Arrasmith, A., Babbush, R., Benjamin, S. C., Endo, S., Fujii, K., McClean, 
J. R., Mitarai, K., Yuan, X., Cincio, L., & Coles, P. J. (2021). Variational 
quantum algorithms. Nature Reviews Physics, 3(9), 625–644. 
https://doi.org/10.1038/s42254-021-00348-9 

Cerezo, M., Sone, A., Volkoff, T., Cincio, L., & Coles, P. J. (2021). Cost function 
dependent barren plateaus in shallow parametrized quantum circuits. Nature 
Communications, 12(1), 1791. https://doi.org/10.1038/s41467-021-21728-w 

Cheplygina, V., De Bruijne, M., & Pluim, J. P. W. (2019). Not-so-supervised: A survey 
of semi-supervised, multi-instance, and transfer learning in medical image 
analysis. Medical Image Analysis, 54, 280–296. 
https://doi.org/10.1016/j.media.2019.03.009 

Cong, I., Choi, S., & Lukin, M. D. (2019). Quantum convolutional neural networks. 
Nature Physics, 15(12), 1273–1278. https://doi.org/10.1038/s41567-019-0648-8 

Cortes, C. L., Lefebvre, P., Lauk, N., Davis, M. J., Sinclair, N., Gray, S. K., & Oblak, 
D. (2022). Sample-Efficient Adaptive Calibration of Quantum Networks Using 
Bayesian Optimization. Physical Review Applied, 17(3), 034067. 
https://doi.org/10.1103/PhysRevApplied.17.034067 

Costa, N. F., Omar, Y., Sultanov, A., & Paraoanu, G. S. (2021). Benchmarking machine 
learning algorithms for adaptive quantum phase estimation with noisy 
intermediate-scale quantum sensors. EPJ Quantum Technology, 8(1), 16. 
https://doi.org/10.1140/epjqt/s40507-021-00105-y 



124 Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

of Infectious Pathogens. Biosensors, 13(12), 1029. 
https://doi.org/10.3390/bios13121029 

Kalluri, R., & LeBleu, V. S. (2020). The biology , function , and biomedical 
applications of exosomes. Science, 367(6478), eaau6977. 
https://doi.org/10.1126/science.aau6977 

Karniadakis, G. E., Kevrekidis, I. G., Lu, L., Perdikaris, P., Wang, S., & Yang, L. 
(2021). Physics-informed machine learning. Nature Reviews Physics, 3(6), 422–
440. https://doi.org/10.1038/s42254-021-00314-5 

Kingma, D. P., & Welling, M. (2013). Auto-Encoding Variational Bayes (Version 11). 
arXiv. https://doi.org/10.48550/ARXIV.1312.6114 

Koch, L. M., Baumgartner, C. F., & Berens, P. (2024). Distribution shift detection for 
the postmarket surveillance of medical AI algorithms: A retrospective 
simulation study. Npj Digital Medicine, 7(1), 120. 
https://doi.org/10.1038/s41746-024-01085-w 

Konečný, J., McMahan, H. B., Ramage, D., & Richtárik, P. (2016). Federated 
Optimization: Distributed Machine Learning for On-Device Intelligence 
(Version 1). arXiv. https://doi.org/10.48550/ARXIV.1610.02527 

Kontolati, K., Goswami, S., Em Karniadakis, G., & Shields, M. D. (2024). Learning 
nonlinear operators in latent spaces for real-time predictions of complex 
dynamics in physical systems. Nature Communications, 15(1), 5101. 
https://doi.org/10.1038/s41467-024-49411-w 

Kornblith, S., Shlens, J., & Le, Q. V. (2019). Do Better ImageNet Models Transfer 
Better? 2019 IEEE/CVF Conference on Computer Vision and Pattern 
Recognition (CVPR), 2656–2666. https://doi.org/10.1109/CVPR.2019.00277 

Korobko, M., Südbeck, J., Steinlechner, S., & Schnabel, R. (2023). Mitigating Quantum 
Decoherence in Force Sensors by Internal Squeezing. Physical Review Letters, 
131(14), 143603. https://doi.org/10.1103/PhysRevLett.131.143603 

Krenn, M., Landgraf, J., Foesel, T., & Marquardt, F. (2023). Artificial intelligence and 
machine learning for quantum technologies. Physical Review A, 107(1), 010101. 
https://doi.org/10.1103/PhysRevA.107.010101 

Ktena, I., Wiles, O., Albuquerque, I., Rebuffi, S.-A., Tanno, R., Roy, A. G., Azizi, S., 
Belgrave, D., Kohli, P., Cemgil, T., Karthikesalingam, A., & Gowal, S. (2024). 

Glenn, D. R., Lee, K., Park, H., Weissleder, R., Yacoby, A., Lukin, M. D., Lee, H., 
Walsworth, R. L., & Connolly, C. B. (2015). Single-cell magnetic imaging using 
a quantum diamond microscope. Nature Methods, 12(8), 736–738. 
https://doi.org/10.1038/nmeth.3449 

Hall, L. T., Cole, J. H., Hill, C. D., & Hollenberg, L. C. L. (2009). Sensing of 
Fluctuating Nanoscale Magnetic Fields Using Nitrogen-Vacancy Centers in 
Diamond. Physical Review Letters, 103(22), 220802. 
https://doi.org/10.1103/PhysRevLett.103.220802 

Han, G. (2021). Specialty Grand Challenge: Sensor Networks. Frontiers in Sensors, 2, 
700967. https://doi.org/10.3389/fsens.2021.700967 

Havlíček, V., Córcoles, A. D., Temme, K., Harrow, A. W., Kandala, A., Chow, J. M., & 
Gambetta, J. M. (2019). Supervised learning with quantum-enhanced feature 
spaces. Nature, 567(7747), 209–212. https://doi.org/10.1038/s41586-019-0980-2 

Hentschel, A., & Sanders, B. C. (2010). Machine Learning for Precise Quantum 
Measurement. Physical Review Letters, 104(6), 063603. 
https://doi.org/10.1103/PhysRevLett.104.063603 

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising Diffusion Probabilistic Models 
(Version 2). arXiv. https://doi.org/10.48550/ARXIV.2006.11239 

Huang, H.-Y., Broughton, M., Mohseni, M., Babbush, R., Boixo, S., Neven, H., & 
McClean, J. R. (2021). Power of data in quantum machine learning. Nature 
Communications, 12(1), 2631. https://doi.org/10.1038/s41467-021-22539-9 

Javed, H., El-Sappagh, S., & Abuhmed, T. (2024). Robustness in deep learning models 
for medical diagnostics: Security and adversarial challenges towards robust AI 
applications. Artificial Intelligence Review, 58(1), 12. 
https://doi.org/10.1007/s10462-024-11005-9 

Jenber Belay, A., Walle, Y. M., & Haile, M. B. (2024). Deep Ensemble learning and 
quantum machine learning approach for Alzheimer’s disease detection. 
Scientific Reports, 14(1), 14196. https://doi.org/10.1038/s41598-024-61452-1 

Jiang, S., Qian, S., Zhu, S., Lu, J., Hu, Y., Zhang, C., Geng, Y., Chen, X., Guo, Y., 
Chen, Z., Pu, J., Guo, Z., & Liu, S. (2023). A Point-of-Care Testing Device 
Utilizing Graphene-Enhanced Fiber Optic SPR Sensor for Real-Time Detection 



125Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

of Infectious Pathogens. Biosensors, 13(12), 1029. 
https://doi.org/10.3390/bios13121029 

Kalluri, R., & LeBleu, V. S. (2020). The biology , function , and biomedical 
applications of exosomes. Science, 367(6478), eaau6977. 
https://doi.org/10.1126/science.aau6977 

Karniadakis, G. E., Kevrekidis, I. G., Lu, L., Perdikaris, P., Wang, S., & Yang, L. 
(2021). Physics-informed machine learning. Nature Reviews Physics, 3(6), 422–
440. https://doi.org/10.1038/s42254-021-00314-5 

Kingma, D. P., & Welling, M. (2013). Auto-Encoding Variational Bayes (Version 11). 
arXiv. https://doi.org/10.48550/ARXIV.1312.6114 

Koch, L. M., Baumgartner, C. F., & Berens, P. (2024). Distribution shift detection for 
the postmarket surveillance of medical AI algorithms: A retrospective 
simulation study. Npj Digital Medicine, 7(1), 120. 
https://doi.org/10.1038/s41746-024-01085-w 

Konečný, J., McMahan, H. B., Ramage, D., & Richtárik, P. (2016). Federated 
Optimization: Distributed Machine Learning for On-Device Intelligence 
(Version 1). arXiv. https://doi.org/10.48550/ARXIV.1610.02527 

Kontolati, K., Goswami, S., Em Karniadakis, G., & Shields, M. D. (2024). Learning 
nonlinear operators in latent spaces for real-time predictions of complex 
dynamics in physical systems. Nature Communications, 15(1), 5101. 
https://doi.org/10.1038/s41467-024-49411-w 

Kornblith, S., Shlens, J., & Le, Q. V. (2019). Do Better ImageNet Models Transfer 
Better? 2019 IEEE/CVF Conference on Computer Vision and Pattern 
Recognition (CVPR), 2656–2666. https://doi.org/10.1109/CVPR.2019.00277 

Korobko, M., Südbeck, J., Steinlechner, S., & Schnabel, R. (2023). Mitigating Quantum 
Decoherence in Force Sensors by Internal Squeezing. Physical Review Letters, 
131(14), 143603. https://doi.org/10.1103/PhysRevLett.131.143603 

Krenn, M., Landgraf, J., Foesel, T., & Marquardt, F. (2023). Artificial intelligence and 
machine learning for quantum technologies. Physical Review A, 107(1), 010101. 
https://doi.org/10.1103/PhysRevA.107.010101 

Ktena, I., Wiles, O., Albuquerque, I., Rebuffi, S.-A., Tanno, R., Roy, A. G., Azizi, S., 
Belgrave, D., Kohli, P., Cemgil, T., Karthikesalingam, A., & Gowal, S. (2024). 

Glenn, D. R., Lee, K., Park, H., Weissleder, R., Yacoby, A., Lukin, M. D., Lee, H., 
Walsworth, R. L., & Connolly, C. B. (2015). Single-cell magnetic imaging using 
a quantum diamond microscope. Nature Methods, 12(8), 736–738. 
https://doi.org/10.1038/nmeth.3449 

Hall, L. T., Cole, J. H., Hill, C. D., & Hollenberg, L. C. L. (2009). Sensing of 
Fluctuating Nanoscale Magnetic Fields Using Nitrogen-Vacancy Centers in 
Diamond. Physical Review Letters, 103(22), 220802. 
https://doi.org/10.1103/PhysRevLett.103.220802 

Han, G. (2021). Specialty Grand Challenge: Sensor Networks. Frontiers in Sensors, 2, 
700967. https://doi.org/10.3389/fsens.2021.700967 

Havlíček, V., Córcoles, A. D., Temme, K., Harrow, A. W., Kandala, A., Chow, J. M., & 
Gambetta, J. M. (2019). Supervised learning with quantum-enhanced feature 
spaces. Nature, 567(7747), 209–212. https://doi.org/10.1038/s41586-019-0980-2 

Hentschel, A., & Sanders, B. C. (2010). Machine Learning for Precise Quantum 
Measurement. Physical Review Letters, 104(6), 063603. 
https://doi.org/10.1103/PhysRevLett.104.063603 

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising Diffusion Probabilistic Models 
(Version 2). arXiv. https://doi.org/10.48550/ARXIV.2006.11239 

Huang, H.-Y., Broughton, M., Mohseni, M., Babbush, R., Boixo, S., Neven, H., & 
McClean, J. R. (2021). Power of data in quantum machine learning. Nature 
Communications, 12(1), 2631. https://doi.org/10.1038/s41467-021-22539-9 

Javed, H., El-Sappagh, S., & Abuhmed, T. (2024). Robustness in deep learning models 
for medical diagnostics: Security and adversarial challenges towards robust AI 
applications. Artificial Intelligence Review, 58(1), 12. 
https://doi.org/10.1007/s10462-024-11005-9 

Jenber Belay, A., Walle, Y. M., & Haile, M. B. (2024). Deep Ensemble learning and 
quantum machine learning approach for Alzheimer’s disease detection. 
Scientific Reports, 14(1), 14196. https://doi.org/10.1038/s41598-024-61452-1 

Jiang, S., Qian, S., Zhu, S., Lu, J., Hu, Y., Zhang, C., Geng, Y., Chen, X., Guo, Y., 
Chen, Z., Pu, J., Guo, Z., & Liu, S. (2023). A Point-of-Care Testing Device 
Utilizing Graphene-Enhanced Fiber Optic SPR Sensor for Real-Time Detection 



126 Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Nguyen, D. C., Ding, M., Pathirana, P. N., Seneviratne, A., Li, J., & Poor, H. V. (2021). 
Federated Learning for Internet of Things: A Comprehensive Survey. 
https://doi.org/10.48550/ARXIV.2104.07914 

Pan, S. J., & Yang, Q. (2010). A Survey on Transfer Learning. IEEE Transactions on 
Knowledge and Data Engineering, 22(10), 1345–1359. 
https://doi.org/10.1109/TKDE.2009.191 

Petrini, G., Moreva, E., Bernardi, E., Traina, P., Tomagra, G., Carabelli, V., 
Degiovanni, I. P., & Genovese, M. (2020). Is a quantum biosensing revolution 
approaching? https://doi.org/10.48550/ARXIV.2006.00831 

Piliarik, M., & Homola, J. (2009). Surface plasmon resonance (SPR) sensors: 
Approaching their limits? Optics Express, 17(19), 16505. 
https://doi.org/10.1364/OE.17.016505 

Pooser, R. C., & Lawrie, B. (2016). Plasmonic Trace Sensing below the Photon Shot 
Noise Limit. ACS Photonics, 3(1), 8–13. 
https://doi.org/10.1021/acsphotonics.5b00501 

Preskill, J. (2018). Quantum Computing in the NISQ era and beyond. Quantum, 2, 79. 
https://doi.org/10.22331/q-2018-08-06-79 

Proctor, T. J., Knott, P. A., & Dunningham, J. A. (2018). Multiparameter Estimation in 
Networked Quantum Sensors. Physical Review Letters, 120(8), 080501. 
https://doi.org/10.1103/PhysRevLett.120.080501 

Qin, Z., Li, G. Y., & Ye, H. (2021). Federated Learning and Wireless Communications. 
IEEE Wireless Communications, 28(5), 134–140. 
https://doi.org/10.1109/MWC.011.2000501 

Raghu, M., Zhang, C., Kleinberg, J., & Bengio, S. (2019). Transfusion: Understanding 
Transfer Learning for Medical Imaging (Version 3). arXiv. 
https://doi.org/10.48550/ARXIV.1902.07208 

Rahimi, M., & Asadi, F. (2023). Oncological Applications of Quantum Machine 
Learning. Technology in Cancer Research & Treatment, 22, 
15330338231215214. https://doi.org/10.1177/15330338231215214 

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural 
networks: A deep learning framework for solving forward and inverse problems 

Generative models improve fairness of medical classifiers under distribution 
shifts. Nature Medicine, 30(4), 1166–1173. https://doi.org/10.1038/s41591-024-
02838-6 

Labonté, L., Alibart, O., D’Auria, V., Doutre, F., Etesse, J., Sauder, G., Martin, A., 
Picholle, É., & Tanzilli, S. (2024). Integrated Photonics for Quantum 
Communications and Metrology. PRX Quantum, 5(1), 010101. 
https://doi.org/10.1103/PRXQuantum.5.010101 

Lee, C., Lawrie, B., Pooser, R., Lee, K.-G., Rockstuhl, C., & Tame, M. (2020). 
Quantum Plasmonic Sensors. https://doi.org/10.48550/ARXIV.2012.01525 

Lloyd, S., Mohseni, M., & Rebentrost, P. (2014). Quantum principal component 
analysis. Nature Physics, 10(9), 631–633. https://doi.org/10.1038/nphys3029 

Lumino, A., Polino, E., Rab, A. S., Milani, G., Spagnolo, N., Wiebe, N., & Sciarrino, F. 
(2018). Experimental Phase Estimation Enhanced by Machine Learning. 
Physical Review Applied, 10(4), 044033. 
https://doi.org/10.1103/PhysRevApplied.10.044033 

Luo, W., Cao, L., Shi, Y., Wan, L., Zhang, H., Li, S., Chen, G., Li, Y., Li, S., Wang, Y., 
Sun, S., Karim, M. F., Cai, H., Kwek, L. C., & Liu, A. Q. (2023). Recent 
progress in quantum photonic chips for quantum communication and internet. 
Light: Science & Applications, 12(1), 175. https://doi.org/10.1038/s41377-023-
01173-8 

Magaletti, S., Mayer, L., Le, X. P., & Debuisschert, T. (2024). Magnetic sensitivity 
enhancement via polarimetric excitation and detection of an ensemble of NV 
centers. Scientific Reports, 14(1), 11793. https://doi.org/10.1038/s41598-024-
60199-z 

Markidis, S. (2022). On physics-informed neural networks for quantum computers. 
Frontiers in Applied Mathematics and Statistics, 8, 1036711. 
https://doi.org/10.3389/fams.2022.1036711 

McClean, J. R., Boixo, S., Smelyanskiy, V. N., Babbush, R., & Neven, H. (2018). 
Barren plateaus in quantum neural network training landscapes. Nature 
Communications, 9(1), 4812. https://doi.org/10.1038/s41467-018-07090-4 

Mitarai, K., Negoro, M., Kitagawa, M., & Fujii, K. (2018). Quantum circuit learning. 
Physical Review A, 98(3), 032309. https://doi.org/10.1103/PhysRevA.98.032309 



127Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Nguyen, D. C., Ding, M., Pathirana, P. N., Seneviratne, A., Li, J., & Poor, H. V. (2021). 
Federated Learning for Internet of Things: A Comprehensive Survey. 
https://doi.org/10.48550/ARXIV.2104.07914 

Pan, S. J., & Yang, Q. (2010). A Survey on Transfer Learning. IEEE Transactions on 
Knowledge and Data Engineering, 22(10), 1345–1359. 
https://doi.org/10.1109/TKDE.2009.191 

Petrini, G., Moreva, E., Bernardi, E., Traina, P., Tomagra, G., Carabelli, V., 
Degiovanni, I. P., & Genovese, M. (2020). Is a quantum biosensing revolution 
approaching? https://doi.org/10.48550/ARXIV.2006.00831 

Piliarik, M., & Homola, J. (2009). Surface plasmon resonance (SPR) sensors: 
Approaching their limits? Optics Express, 17(19), 16505. 
https://doi.org/10.1364/OE.17.016505 

Pooser, R. C., & Lawrie, B. (2016). Plasmonic Trace Sensing below the Photon Shot 
Noise Limit. ACS Photonics, 3(1), 8–13. 
https://doi.org/10.1021/acsphotonics.5b00501 

Preskill, J. (2018). Quantum Computing in the NISQ era and beyond. Quantum, 2, 79. 
https://doi.org/10.22331/q-2018-08-06-79 

Proctor, T. J., Knott, P. A., & Dunningham, J. A. (2018). Multiparameter Estimation in 
Networked Quantum Sensors. Physical Review Letters, 120(8), 080501. 
https://doi.org/10.1103/PhysRevLett.120.080501 

Qin, Z., Li, G. Y., & Ye, H. (2021). Federated Learning and Wireless Communications. 
IEEE Wireless Communications, 28(5), 134–140. 
https://doi.org/10.1109/MWC.011.2000501 

Raghu, M., Zhang, C., Kleinberg, J., & Bengio, S. (2019). Transfusion: Understanding 
Transfer Learning for Medical Imaging (Version 3). arXiv. 
https://doi.org/10.48550/ARXIV.1902.07208 

Rahimi, M., & Asadi, F. (2023). Oncological Applications of Quantum Machine 
Learning. Technology in Cancer Research & Treatment, 22, 
15330338231215214. https://doi.org/10.1177/15330338231215214 

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural 
networks: A deep learning framework for solving forward and inverse problems 

Generative models improve fairness of medical classifiers under distribution 
shifts. Nature Medicine, 30(4), 1166–1173. https://doi.org/10.1038/s41591-024-
02838-6 

Labonté, L., Alibart, O., D’Auria, V., Doutre, F., Etesse, J., Sauder, G., Martin, A., 
Picholle, É., & Tanzilli, S. (2024). Integrated Photonics for Quantum 
Communications and Metrology. PRX Quantum, 5(1), 010101. 
https://doi.org/10.1103/PRXQuantum.5.010101 

Lee, C., Lawrie, B., Pooser, R., Lee, K.-G., Rockstuhl, C., & Tame, M. (2020). 
Quantum Plasmonic Sensors. https://doi.org/10.48550/ARXIV.2012.01525 

Lloyd, S., Mohseni, M., & Rebentrost, P. (2014). Quantum principal component 
analysis. Nature Physics, 10(9), 631–633. https://doi.org/10.1038/nphys3029 

Lumino, A., Polino, E., Rab, A. S., Milani, G., Spagnolo, N., Wiebe, N., & Sciarrino, F. 
(2018). Experimental Phase Estimation Enhanced by Machine Learning. 
Physical Review Applied, 10(4), 044033. 
https://doi.org/10.1103/PhysRevApplied.10.044033 

Luo, W., Cao, L., Shi, Y., Wan, L., Zhang, H., Li, S., Chen, G., Li, Y., Li, S., Wang, Y., 
Sun, S., Karim, M. F., Cai, H., Kwek, L. C., & Liu, A. Q. (2023). Recent 
progress in quantum photonic chips for quantum communication and internet. 
Light: Science & Applications, 12(1), 175. https://doi.org/10.1038/s41377-023-
01173-8 

Magaletti, S., Mayer, L., Le, X. P., & Debuisschert, T. (2024). Magnetic sensitivity 
enhancement via polarimetric excitation and detection of an ensemble of NV 
centers. Scientific Reports, 14(1), 11793. https://doi.org/10.1038/s41598-024-
60199-z 

Markidis, S. (2022). On physics-informed neural networks for quantum computers. 
Frontiers in Applied Mathematics and Statistics, 8, 1036711. 
https://doi.org/10.3389/fams.2022.1036711 

McClean, J. R., Boixo, S., Smelyanskiy, V. N., Babbush, R., & Neven, H. (2018). 
Barren plateaus in quantum neural network training landscapes. Nature 
Communications, 9(1), 4812. https://doi.org/10.1038/s41467-018-07090-4 

Mitarai, K., Negoro, M., Kitagawa, M., & Fujii, K. (2018). Quantum circuit learning. 
Physical Review A, 98(3), 032309. https://doi.org/10.1103/PhysRevA.98.032309 



128 Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Torabi, Y., Shirani, S., & Reilly, J. P. (2025). Quantum Biosensors on Chip: A Review 
from Electronic and Photonic Integrated Circuits to Future Integrated Quantum 
Photonic Circuits (Version 1). arXiv. 
https://doi.org/10.48550/ARXIV.2508.01663 

Vargas−Hernández, R. A. (2020). Bayesian Optimization for Calibrating and Selecting 
Hybrid-Density Functional Models. The Journal of Physical Chemistry A, 
124(20), 4053–4061. https://doi.org/10.1021/acs.jpca.0c01375 

Velichko, A., Huyut, M. T., Belyaev, M., Izotov, Y., & Korzun, D. (2022). Machine 
Learning Sensors for Diagnosis of COVID-19 Disease Using Routine Blood 
Values for Internet of Things Application. Sensors, 22(20), 7886. 
https://doi.org/10.3390/s22207886 

Vollmer, F., & Arnold, S. (2008). Whispering-gallery-mode biosensing: Label-free 
detection down to single molecules. Nature Methods, 5(7), 591–596. 
https://doi.org/10.1038/nmeth.1221 

Wang, S., Wang, H., & Perdikaris, P. (2021). Learning the solution operator of 
parametric partial differential equations with physics-informed DeepONets. 
Science Advances, 7(40), eabi8605. https://doi.org/10.1126/sciadv.abi8605 

Wen, Q., Zhou, T., Zhang, C., Chen, W., Ma, Z., Yan, J., & Sun, L. (2023). 
Transformers in Time Series: A Survey. Proceedings of the Thirty-Second 
International Joint Conference on Artificial Intelligence, 6778–6786. 
https://doi.org/10.24963/ijcai.2023/759 

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2021). A Comprehensive 
Survey on Graph Neural Networks. IEEE Transactions on Neural Networks and 
Learning Systems, 32(1), 4–24. https://doi.org/10.1109/TNNLS.2020.2978386 

Zhao, F., Zhang, C., & Geng, B. (2024). Deep Multimodal Data Fusion. ACM 
Computing Surveys, 56(9), 1–36. https://doi.org/10.1145/3649447 

Zhuang, F., Qi, Z., Duan, K., Xi, D., Zhu, Y., Zhu, H., Xiong, H., & He, Q. (2021). A 
Comprehensive Survey on Transfer Learning. Proceedings of the IEEE, 109(1), 
43–76. https://doi.org/10.1109/JPROC.2020.3004555 

 

 
 

involving nonlinear partial differential equations. Journal of Computational 
Physics, 378, 686–707. https://doi.org/10.1016/j.jcp.2018.10.045 

Rebentrost, P., Mohseni, M., & Lloyd, S. (2014). Quantum Support Vector Machine for 
Big Data Classification. Physical Review Letters, 113(13), 130503. 
https://doi.org/10.1103/PhysRevLett.113.130503 

Rondin, L., Tetienne, J.-P., Hingant, T., Roch, J.-F., Maletinsky, P., & Jacques, V. 
(2014). Magnetometry with nitrogen-vacancy defects in diamond. Reports on 
Progress in Physics, 77(5), 056503. https://doi.org/10.1088/0034-
4885/77/5/056503 

Rosenbacke, R., Melhus, Å., McKee, M., & Stuckler, D. (2024). How Explainable 
Artificial Intelligence Can Increase or Decrease Clinicians’ Trust in AI 
Applications in Health Care: Systematic Review. JMIR AI, 3, e53207. 
https://doi.org/10.2196/53207 

Schirhagl, R., Chang, K., Loretz, M., & Degen, C. L. (2014). Nitrogen-Vacancy Centers 
in Diamond: Nanoscale Sensors for Physics and Biology. Annual Review of 
Physical Chemistry, 65(1), 83–105. https://doi.org/10.1146/annurev-physchem-
040513-103659 

Schuld, M., & Killoran, N. (2019). Quantum Machine Learning in Feature Hilbert 
Spaces. Physical Review Letters, 122(4), 040504. 
https://doi.org/10.1103/PhysRevLett.122.040504 

Sheller, M. J., Edwards, B., Reina, G. A., Martin, J., Pati, S., Kotrotsou, A., Milchenko, 
M., Xu, W., Marcus, D., Colen, R. R., & Bakas, S. (2020). Federated learning in 
medicine: Facilitating multi-institutional collaborations without sharing patient 
data. Scientific Reports, 10(1), 12598. https://doi.org/10.1038/s41598-020-
69250-1 

Shome, D., Waqar, O., & Khan, W. U. (2022). Federated learning and next generation 
wireless communications: A survey on bidirectional relationship. Transactions 
on Emerging Telecommunications Technologies, 33(7), e4458. 
https://doi.org/10.1002/ett.4458 

Taylor, M. A., & Bowen, W. P. (2014). Quantum metrology and its application in 
biology (Version 2). arXiv. https://doi.org/10.48550/ARXIV.1409.0950 



129Crimson Journal of Science and Technology (CJOST)

CJOST 	Volume 1, Issue 1 December 2025 ISSN-3102-0607(Print), 3102-0615 (Online) 

Torabi, Y., Shirani, S., & Reilly, J. P. (2025). Quantum Biosensors on Chip: A Review 
from Electronic and Photonic Integrated Circuits to Future Integrated Quantum 
Photonic Circuits (Version 1). arXiv. 
https://doi.org/10.48550/ARXIV.2508.01663 

Vargas−Hernández, R. A. (2020). Bayesian Optimization for Calibrating and Selecting 
Hybrid-Density Functional Models. The Journal of Physical Chemistry A, 
124(20), 4053–4061. https://doi.org/10.1021/acs.jpca.0c01375 

Velichko, A., Huyut, M. T., Belyaev, M., Izotov, Y., & Korzun, D. (2022). Machine 
Learning Sensors for Diagnosis of COVID-19 Disease Using Routine Blood 
Values for Internet of Things Application. Sensors, 22(20), 7886. 
https://doi.org/10.3390/s22207886 

Vollmer, F., & Arnold, S. (2008). Whispering-gallery-mode biosensing: Label-free 
detection down to single molecules. Nature Methods, 5(7), 591–596. 
https://doi.org/10.1038/nmeth.1221 

Wang, S., Wang, H., & Perdikaris, P. (2021). Learning the solution operator of 
parametric partial differential equations with physics-informed DeepONets. 
Science Advances, 7(40), eabi8605. https://doi.org/10.1126/sciadv.abi8605 

Wen, Q., Zhou, T., Zhang, C., Chen, W., Ma, Z., Yan, J., & Sun, L. (2023). 
Transformers in Time Series: A Survey. Proceedings of the Thirty-Second 
International Joint Conference on Artificial Intelligence, 6778–6786. 
https://doi.org/10.24963/ijcai.2023/759 

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2021). A Comprehensive 
Survey on Graph Neural Networks. IEEE Transactions on Neural Networks and 
Learning Systems, 32(1), 4–24. https://doi.org/10.1109/TNNLS.2020.2978386 

Zhao, F., Zhang, C., & Geng, B. (2024). Deep Multimodal Data Fusion. ACM 
Computing Surveys, 56(9), 1–36. https://doi.org/10.1145/3649447 

Zhuang, F., Qi, Z., Duan, K., Xi, D., Zhu, Y., Zhu, H., Xiong, H., & He, Q. (2021). A 
Comprehensive Survey on Transfer Learning. Proceedings of the IEEE, 109(1), 
43–76. https://doi.org/10.1109/JPROC.2020.3004555 

 

 
 

involving nonlinear partial differential equations. Journal of Computational 
Physics, 378, 686–707. https://doi.org/10.1016/j.jcp.2018.10.045 

Rebentrost, P., Mohseni, M., & Lloyd, S. (2014). Quantum Support Vector Machine for 
Big Data Classification. Physical Review Letters, 113(13), 130503. 
https://doi.org/10.1103/PhysRevLett.113.130503 

Rondin, L., Tetienne, J.-P., Hingant, T., Roch, J.-F., Maletinsky, P., & Jacques, V. 
(2014). Magnetometry with nitrogen-vacancy defects in diamond. Reports on 
Progress in Physics, 77(5), 056503. https://doi.org/10.1088/0034-
4885/77/5/056503 

Rosenbacke, R., Melhus, Å., McKee, M., & Stuckler, D. (2024). How Explainable 
Artificial Intelligence Can Increase or Decrease Clinicians’ Trust in AI 
Applications in Health Care: Systematic Review. JMIR AI, 3, e53207. 
https://doi.org/10.2196/53207 

Schirhagl, R., Chang, K., Loretz, M., & Degen, C. L. (2014). Nitrogen-Vacancy Centers 
in Diamond: Nanoscale Sensors for Physics and Biology. Annual Review of 
Physical Chemistry, 65(1), 83–105. https://doi.org/10.1146/annurev-physchem-
040513-103659 

Schuld, M., & Killoran, N. (2019). Quantum Machine Learning in Feature Hilbert 
Spaces. Physical Review Letters, 122(4), 040504. 
https://doi.org/10.1103/PhysRevLett.122.040504 

Sheller, M. J., Edwards, B., Reina, G. A., Martin, J., Pati, S., Kotrotsou, A., Milchenko, 
M., Xu, W., Marcus, D., Colen, R. R., & Bakas, S. (2020). Federated learning in 
medicine: Facilitating multi-institutional collaborations without sharing patient 
data. Scientific Reports, 10(1), 12598. https://doi.org/10.1038/s41598-020-
69250-1 

Shome, D., Waqar, O., & Khan, W. U. (2022). Federated learning and next generation 
wireless communications: A survey on bidirectional relationship. Transactions 
on Emerging Telecommunications Technologies, 33(7), e4458. 
https://doi.org/10.1002/ett.4458 

Taylor, M. A., & Bowen, W. P. (2014). Quantum metrology and its application in 
biology (Version 2). arXiv. https://doi.org/10.48550/ARXIV.1409.0950 


