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ABSTRACT

This study presents an artificial intelligence (AI)-augmented micron-scale terahertz (THz) metamaterial biosensor for early-
stage leukaemia diagnosis. The proposed biosensor employs a tri-negative (g, u, n) perfect absorber structure with an opti-
mised multiband spectral response, enabling high-Q narrowband resonances across the 0.5-2 THz frequency range. These
engineered electromagnetic characteristics enhance field confinement and analyte interaction, enabling the detection of
refractive index variations as small as ~0.014 RIU between healthy and leukaemia-affected blood samples. Spectral and field
analyses reveal distinct resonance shifts, absorption variations and altered electric and magnetic field distributions in the
presence of cancerous samples. Quantitative performance evaluation demonstrates excellent sensing characteristics, including a
Q-factor of 268.34, a figure of merit (FOM) of 56722.80 RIU ", and Euclidean sensitivity of 355.859564 THz RIU . These values
indicate improved performance compared with previously reported THz biosensors for cancer detection. Al integration enables
automated classification of healthy and cancerous samples using S-parameter processing and full-spectrum similarity metrics,
achieving classification accuracy exceeding 95%. Comparative analysis with state-of-the-art biosensors demonstrates leukaemia-
specific dielectric targeting, early-stage detection capability and an Al-assisted analytical framework for enhanced spectral
interpretation. The results highlight the potential of the proposed platform as a noninvasive and label-free approach for blood
cancer diagnostics, combining high spectral resolution, full-spectrum analysis and automated decision-making within a unified
sensing framework.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.
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1 | Introduction

Cancer remains one of the leading causes of illness and death
worldwide, posing a formidable challenge to global health sys-
tems. The improvement of patient outcomes hinges significantly
on the ability to detect the disease accurately and at an early
stage, where interventions are most effective [1, 2]. However,
achieving this is complicated by the multifaceted nature of
cancer biology. At the core of cancer's complexity lies a series of
interrelated pathophysiological processes. These include un-
controlled cellular proliferation, the ability of malignant cells to
sustain self-renewal and the presence of cancer stem cells
(CSCs), which are implicated in tumour initiation, maintenance
and recurrence. Furthermore, cancer progression often involves
metastatic dissemination, wherein tumour cells invade distant
organs and dynamic metabolic reprogramming that enables
cells to survive hostile environments and evade therapeutic in-
terventions. This intricate biological landscape not only facili-
tates tumour growth and survival but also underpins the
development of chemoresistance, significantly limiting the ef-
ficacy of conventional therapies. Collectively, these character-
istics position cancer among the most persistent and complex
diseases faced by modern biomedical science, necessitating
continued innovation in diagnostic tools, therapeutic strategies
and personalised medicine approaches [3, 4].

Cancer is broadly classified based on the type of tissue or organ
where it originates. Thus, the main categories of cancers are
carcinomas (origin is lining of skin and organs), sarcomas
(origin is connective tissues like bone, cartilage, fat, muscle or
blood vessels), leukaemias (cancer of the blood and bone
marrow), lymphomas (origin is immune cells in the lymphatic
system) and myelomas (origin is plasma cells in the bone
marrow) [5-12]. Among the broad spectrum of malignancies,
leukaemias are often characterised by particularly aggressive
clinical behaviour. Their systemic nature, rapid progression and
early dissemination through the blood contribute to their high
morbidity and demand for immediate therapeutic intervention.
Unlike many solid tumours that begin locally and progress over
time, leukaemia frequently affects multiple organs and physio-
logical systems from the onset, posing significant challenges for
diagnosis, treatment and long-term management [13, 14]. As the
global incidence of cancer continues to rise, the imperative for
early detection becomes increasingly critical. Efforts to reduce
cancer incidence and mortality extend beyond therapeutic in-
novations, encompassing a comprehensive approach that in-
cludes preventive strategies, early diagnostic interventions and
equitable access to quality healthcare services. Among these,
early detection plays a critical role in improving treatment
outcomes and survival rates, particularly for aggressive malig-
nancies such as leukaemia [2, 3, 15].

Early and accurate detection of leukaemia relies on various
methods involving clinical assessment; laboratory tests, such as
CBC (complete blood count) and peripheral blood smear; bone
marrow aspiration and biopsy technique; immunophenotyping
(flow cytometry) method, cytogenetic and molecular testing, such
as karyotyping, fluorescence in situ hybridisation (FISH), poly-
merase chain reaction (PCR) and next-generation sequencing
(NGS), as well as imaging studies, like CT scans, X-rays, MRI or
ultrasound [16-21]. However, one of the fundamental challenges

in early cancer diagnosis lies in the accurate distinction between
malignant and normal cells, which often exhibit subtle morpho-
logical and molecular differences. This is especially true in
leukaemia, where the detection of abnormal cells typically relies
on the microscopic and cytogenetic examination of bone marrow
samples. Although this method is a diagnostic gold standard, it is
labour-intensive, time-consuming and heavily reliant on the
experience and subjective interpretation of the pathologist.
Despite the central role of pathologists in diagnostic decision-
making, the possibility of human error or interpretive vari-
ability cannot be fully eliminated. Other advanced techniques
such as flow cytometry, FISH and PCR require expensive equip-
ment and trained personnel, making them less accessible in low-
resource settings. Moreover, methods like blood smear analysis
and immunohistochemistry depend heavily on expert interpre-
tation, which can lead to errors. Imaging tools like PET, CT and
MRI also expose patients to radiation, posing concerns for those
needing repeated scans [3, 22]. Consequently, there is a pressing
need for the development of more reliable, rapid, noninvasive and
objective diagnostic tools capable of enhancing the accuracy and
consistency of early leukaemia detection. This need has driven
notable progress in the development of advanced bio-sensing
technologies [23].

Biosensors are versatile analytical tools used in clinical di-
agnostics, environmental monitoring, industry and food safety
[24-26]. For effective early disease detection, they must offer high
sensitivity, accuracy and linearity across analyte concentrations.
Clinical and portable biosensors should also be compact, mini-
mally invasive and capable of providing real-time results. Bio-
sensors comprise diverse configurations, each designed for
specific analytical purposes and offering unique functional ben-
efits, mainly including electrochemical (e.g., amperometric,
potentiometric) and optical biosensors [27-31]. Among these,
optical biosensors are highly distinguished because of their high
sensitivity, label-free detection, compactness, low cost and min-
imal sample preparation. They come in different forms such as
photonic crystal sensors, optical fibre systems, optical sensors
utilising plasmon-induced transparency (PIT) effects and
metamaterial-based sensors [32-35].

Metamaterials are artificially engineered structures with unique
electromagnetic properties not found in natural materials and
have emerged as promising platforms for highly sensitive bio-
sensing applications [36, 37]. Particularly, metamaterial-based
sensors engineered with negative permittivity (¢), permeability
(W) and refractive index (n) have opened new frontiers in
biomedical diagnostics, particularly in the early detection of
leukaemia. These double-negative (DNG) or left-handed meta-
materials enable exceptional control over electromagnetic wave
propagation, enhancing sensitivity to minute changes in the
dielectric environment such as those induced by the presence of
abnormal leukaemic cells in blood or plasma samples, thus
making them ideal candidates for early leukaemia detection.
Operating typically in the Terahertz (THz) or microwave re-
gimes, these sensors can detect subtle variations in refractive
index or permittivity associated with cancerous transformations
at early stages [38, 39]. Particularly, when integrated into ter-
ahertz (THz) biosensing platforms, metamaterials provide high
sensitivity, strong field confinement and spectral selectivity,
making them ideal for label-free biomolecular detection. These
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sensors use engineered resonant structures that respond to
changes in local dielectric properties—caused by target
analytes—through measurable shifts in the THz resonance fre-
quency. Their high field localisation enables trace-level detec-
tion, while high-Q resonances and geometric tunability with
multiband designs support precise screening, particularly useful
for cancer biomarker identification. As research advances, these
next-generation sensors hold promise for integration into
portable diagnostic systems, aiding in timely clinical decision-
making and improving patient outcomes [40-42].

Besides, Artificial Intelligence (AI) is revolutionising nearly
every sector, from education and finance to healthcare and
communication, by enabling automation, innovation and data-
driven decision-making. In healthcare, AI enhances early dis-
ease detection, personalised treatment, and robotic surgeries
[43-46]. The integration of artificial intelligence (AI) with
metamaterial-based terahertz (THz) biosensors offers a power-
ful approach for early and accurate cancer detection. Meta-
materials, with their engineered resonant structures, enable
highly sensitive, label-free detection by capturing subtle shifts in
THz resonance caused by changes in the dielectric properties of
biological samples. When combined with AI algorithms such as
machine learning or deep learning, these systems can analyse
complex spectral patterns, improve signal interpretation and
enhance diagnostic accuracy. AI also enables automated
detection of trace-level biomarkers, classification of cancer
stages and reduction of human error in interpretation. This
synergistic platform holds significant potential for developing
noninvasive, real-time diagnostic tools capable of early
screening, especially in resource-limited or point-of-care set-
tings [47-49].

In recent years, several research works have reported THz
metamaterial sensors for the detection of various types of can-
cers [50-53]; however, very few have focused specifically on
leukaemia detection [54-58]. In parallel, artificial intelligence
(AI) has gained significant attention in healthcare, particularly
for early-stage cancer diagnosis and automated decision-making
[59-67]. Nevertheless, only a limited number of studies have
integrated AI and machine learning models with metamaterial-
based biosensors for cancer detection.

For example Ref. [62] proposed a graphene-based metamaterial
biosensor for cancer detection, where machine learning was
employed for structural parameter optimisation and prediction
enhancement. Another study [63] presented a metal-insulator-
metal biosensor for breast cancer detection, utilising polynomial
regression to model the relationship between resonator di-
mensions and sensor responses. Similarly Ref. [64] introduced a
THz metamaterial absorber for skin cancer detection, where
machine learning algorithms classified healthy and cancerous
cells based on absorption spectra. In Ref. [65], a THz metasur-
face biosensor incorporating graphene, gold, silver and copper
within a multi-resonator structure was integrated with one-
dimensional convolutional neural networks (1D-CNNs) to
improve predictive performance. Furthermore Ref. [67] pro-
posed a THz metasurface sensor for alpha-fetoprotein (AFP)
detection in liver cancer diagnosis using a stacking ensemble
learning framework.

Recent developments in THz metamaterial absorbers have also
demonstrated enhanced multiband and multiresonance charac-
teristics through engineered resonator configurations and reso-
nance coupling mechanisms [68-70]. These designs have shown
improved spectral selectivity, stronger electromagnetic field
confinement and high-Q resonance behaviour, which are ad-
vantageous for sensing applications. However, most of the re-
ported Al-integrated biosensors employ machine learning
primarily for parameter optimisation or prediction enhancement
rather than for intelligent spectral interpretation and automated
diagnostic decision-making. To the best of our knowledge, no
previous work has reported Al augmentation of a metamaterial-
based sensor specifically for the detection of haematological
malignancies.

This work introduces an Al-augmented terahertz metamaterial
biosensor designed for early leukaemia diagnosis. The micron-
scale sensor incorporates a tri-negative (g, u, n) perfect absorber
with optimised multiband spectral response, achieving narrow-
band resonances and strong analyte-field interaction. It demon-
strates remarkable performance, including a Q-factor of 268.34,
FOM of sensitivity of 56722.80, and FOM of 355.86 RIU %, sur-
passing previously reported devices. Artificial intelligence inte-
gration enables real-time, bias-free classification of healthy and
leukaemia-affected samples with accuracy exceeding 95%.
These findings establish a paradigm for noninvasive, label-free
blood cancer diagnostics, offering clinical potential through
portable implementation and future validation studies.

2 | Unit Cell Modelling and Electromagnetic
Configuration Analysis

The modelling of the unit cell and the systematic analysis of its
electromagnetic configuration form the foundation for under-
standing and optimising the performance of metamaterial-based
biosensors. In this work, the design process begins with the
development of a unit cell specifically tailored for multiband
terahertz sensing, where structural geometry directly governs
resonance formation and field confinement. By integrating mul-
tiple resonant elements within a compact architecture, the pro-
posed absorber is engineered to achieve broad spectral coverage,
high absorption efficiency and enhanced sensitivity to dielectric
perturbations introduced by biological analytes. To establish
these features, the modelling framework incorporates not only
the structural design parameters but also the orientation of the
incident THz wave with respect to the layered material compo-
sition, ensuring realistic simulation of electromagnetic in-
teractions. The subsequent subsections present the architectural
configurations of the sensor, a detailed account of the optimised
geometrical variables (Table 1) and comparative insights into the
adoption of metamaterial perfect absorbers (Table 2). Further-
more, the influence of electromagnetic wave orientation and
dimensional scaling on absorption efficiency is examined, sup-
ported by geometric representation (Figure 1) and scale com-
parison data (Table 3). Together, these analyses provide the
essential foundation for correlating physical design with func-
tional performance, thereby enabling a sensor that is both struc-
turally optimised and electromagnetically tuned for high-
precision terahertz biosensing.
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2.1 | Structural Design for Multiband Terahertz
Sensing

The efficient transformation of the incident electromagnetic
energy into absorption is realised through the carefully engi-
neered metamaterial-based configuration illustrated in Figure 2.
Such absorbers are purposefully designed to suppress reflection
and capture most of the incoming energy, thereby maximising
absorption efficiency. Beyond this, the unique structural
arrangement of the metamaterial mitigates destructive inter-
ference and simultaneously suppresses transmission, ensuring
that most of the electromagnetic energy is confined within the
absorber.

To validate this mechanism, the proposed design was analysed
using a commercially available full-wave electromagnetic solver
based on the finite integration technique (FIT). This method
provides a rigorous numerical framework for modelling the
electromagnetic behaviour of metamaterials (MTMs) over broad
frequency regimes. Such simulations have been widely employed
in the study of canonical electromagnetic boundaries, such as
perfect electric conductors (PECs), perfect magnetic conductors
(PMCs), periodic unit cell arrays and free-space propagation en-
vironments. This enables accurate prediction of resonant phe-
nomena, field distributions and energy confinement in complex
geometrical configurations.

Building on these principles, the proposed biosensor adopts a
metamaterial perfect absorber (MPA) architecture tailored to
operate in the terahertz (THz) frequency range of 0.5-2 THz.
The absorber comprises three distinct geometrical unit cell

TABLE 1 | Detailed list of variables optimised for the sensor
Configuration proposed.

Value Value
Parameter (pm) Parameter (pm)
A 198 J 175.36
B 36 K 37.68
C 38 L 44.32
D 86.6 M 63.36
E 30.55 N 49.93
F 80 O 24.25
G 80.18 PET thick (T,) 40
H 66.75 Aluminium (Al) thick 0.2
I 13.44 Jurkat cells thick (T3) 5
Coverslip 5

thickness (T,)

designs, illustrated in Figure 2a-c, each patterned on a dielectric
substrate and supported by a continuous metallic ground plane
that guarantees zero transmission. This multilayer arrangement
enhances absorption by exploiting resonant interactions at both
the electric and magnetic field levels.

The initial design of the proposed metamaterial unit cell
(Figure 2a) was established through a parametric and physics-
driven methodology, ensuring both geometric flexibility and
controlled electromagnetic behaviour. Rather than being
selected empirically, the geometry was initially generated using
a multi-harmonic parametric formulation that served as a seed
topology for the resonator design:

U(t) = 10[2 cos(t) + cos(5t)] (1)
V(t) = 10[2 sin(t) + sin(51)] )

where the parameter ¢t € [ -1, +1]. This formulation generates a
symmetric, multi-lobed structure formed through the super-
position of fundamental and higher-order harmonic compo-
nents. The inclusion of higher-order terms introduces multiple
spatial length scales within the unit cell, which is beneficial for
supporting intrinsic multiband resonance behaviour in the ter-
ahertz frequency regime.

It should be noted that these equations were used only to
generate the initial geometric topology and were not intended to
directly define the final physical dimensions of the resonator.
Following the generation of the seed structure, the geometry
underwent electromagnetic refinement and optimisation,
including geometric reshaping, incorporation of split-ring
resonator-inspired features, localised dimensional adjustments

FIGURE 1 | Geometric representation of the absorber, showing the
orientation of the incoming THz wave in relation to the stratified
structure.

TABLE 2 | Structural comparison: Use of metamaterial perfect absorbers (MPAs).

Working Absorption
Design type principle control Advantages in this work Scientific justification
Traditional Single-layer Limited  Uses metamaterial-based MPAs allow narrowband, high-Q resonances
resonant sensor resonance perfect absorber design ideal for frequency-shift detection
This work Multilayer High Offers sharp, deep, Enables clear, repeatable absorption peaks
engineered engineered resonances sensitive to small changes in sample
resonance
4 of 28 IET Wireless Sensor Systems, 2026
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TABLE 3 | Dimensional comparison of biosensor scale.

Conventional
Metric biosensors Proposed biosensor
Device size  Millimetre- Micron-scale footprint

scale or larger
Resolution = Moderate Extremely high (due to

compact field confinement)

Integration Difficult to CMOS and chip-friendly due
potential integrate to small scale
Scientific Miniaturisation to the micron scale increases

justification field confinement and improves sensing
sensitivity via enhanced local interactions,
critical for low-volume blood cancer

biomarkers.
4;» D M L K
r _—
N S ;
L ==
(a) 5pum  (b) Sum () 15 pm

FIGURE 2 | Architecture of the proposed metamaterial absorber
comprising three integrated structural designs: (a) configuration type
1, (b) configuration type 2 and (c) configuration type 3.

and resonance tuning. Therefore, the dimensional parameters
listed in Table 1 correspond to the final optimised structure
rather than a direct scaling of the original parametric equations.

From an electromagnetic perspective, the resulting geometry
supports multiple resonant pathways because of its distributed
curvature and varying feature sizes. These features act as
effective inductive and capacitive elements, forming an equiv-
alent network of coupled LC resonators within a compact
footprint. As a result, distinct resonance modes can be excited at
different frequencies without requiring separate resonant ele-
ments, thereby preserving structural compactness.

The initial dimensional parameters were determined based on
electromagnetic scaling considerations and fabrication con-
straints. The line width was set to 4 um to ensure sub-
wavelength dimensions relative to the operating terahertz
wavelengths while maintaining sufficient conductive paths for
surface current flow. The metallic thickness was chosen as
200 nm, which is comparable to the skin depth at terahertz
frequencies, enabling efficient current confinement with mini-
mal ohmic loss. The selected parameter range for ¢ ensures that
the geometry remains confined within a micron-scale unit cell,
which is critical for high integration density and enhanced field
localisation.

Following the generation of the base geometry, the structure
was systematically refined into a metamaterial perfect absorber
configuration. Split-ring resonator (SRR)-inspired features,
including gaps and discontinuities, were introduced to enhance

capacitive coupling and promote strong electric field local-
isation. Additional internal elements, such as C-shaped reso-
nators and concentric rings, were incorporated to selectively
tune individual resonance modes across the 0.5-2 THz band.

This progression from a parametric mathematical representa-
tion to a physically interpretable resonant structure ensures that
each geometric feature contributes meaningfully to the elec-
tromagnetic response. The final design inherits its multiband
capability from the initial parametric formulation, where mul-
tiple resonant paths and coupled LC effects give rise to distinct
absorption peaks across the terahertz spectrum. This design
approach enables strong field confinement and enhanced
sensitivity, which are critical for high-performance biosensing
applications.

In contrast, Figure 2b illustrates a star-shaped resonator, whose
sharp edges and arms concentrate the electric field into localised
regions. The design parameters (D, E, F) define the star's size,
arm width and inter-arm spacing. This geometry not only en-
hances electric field localisation but also supports multiple
resonances, thus facilitating multiband absorption. Such
behaviour is particularly advantageous for biosensing applica-
tions, where multiband selectivity improves detection accuracy
across different biomarkers.

Finally, Figure 2c presents a square loop resonator with internal
channelling, whose dimensions (X, L, M, N, O) govern the loop
length, channel width and overall symmetry. The internal
channels facilitate strong field confinement, leading to high-
quality (Q) factor resonances. This makes the configuration
highly suitable for detecting minute biological variations,
particularly those associated with leukaemia biomarkers, where
subtle dielectric changes need to be captured with precision.

All three resonators are fabricated using a submicron-thick
aluminium (Al) layer deposited on low-loss dielectric sub-
strates such as polyethene terephthalate (PET) or polyimide.
These substrates are chosen for their low absorption and high
transparency in the THz domain, thereby minimising back-
ground losses and enhancing the resonance response. The
combined designs ensure strong confinement of the electro-
magnetic field at resonance, which is crucial for detecting
dielectric perturbations introduced by cancer biomarkers in the
surrounding medium.

Table 1 presents the comprehensive list of geometrical param-
eters optimised for the proposed metamaterial-based biosensor
configuration. Each parameter was carefully determined
through simulation-based optimisation to maximise sensitivity
and achieve multiband absorption within the terahertz fre-
quency range of 0.5-2 THz. These dimensions are specifically
tailored to facilitate the early detection of leukaemia-related
biomarkers, with Jurkat cells employed as the representative
biological target. The precise tuning of these parameters enables
the device to function effectively across multiple THz bands
while ensuring strong field confinement at the sensing surface.
By combining the functionalities of split rings, star resonators
and square loops, the architecture achieves enhanced sensitivity
and selectivity, making it a powerful platform for early-stage
cancer detection applications.
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To further contextualise the novelty of our proposed biosensor, a
structural comparison between conventional resonant sensors
and the present metamaterial-based perfect absorber (MPA)
design is provided in Table 2. Traditional resonant sensors typi-
cally rely on single-layer resonance, which limits their absorption
control and reduces their capability for precise frequency-shift
detection. By contrast, the biosensor introduced in this work
employs a multilayer engineered resonance mechanism, enabling
sharper, deeper and geometrically controlled absorption peaks.
This approach not only ensures high-Q resonances but also pro-
vides repeatable and reliable absorption signatures that are
exceptionally sensitive to minute dielectric variations in biolog-
ical samples. The use of MPAs, therefore, establishes a scientifi-
callyjustified advancement, as it directly addresses the limitations
of traditional designs while offering enhanced sensitivity for
early-stage cancer biomarker detection.

2.2 | Electromagnetic Orientation and Layered
Material Composition for Optimal Absorption

The sensing performance of a metamaterial perfect absorber
(MPA) is fundamentally governed by both the electromagnetic
(EM) orientation of the incident wave and the physical config-
uration of its layered architecture. In the proposed biosensor,
near-unity absorption across multiple resonant frequencies
within the 0.5-2 THz range is achieved by tailoring the reso-
nator geometries and optimising their interaction with incident
terahertz waves, as shown in Figure 1.

To ensure accurate numerical characterisation of this absorber,
full-wave simulations were performed using CST Studio, with
special attention given to boundary conditions and excitation
sources. Perfectly Matched Layers (PMLs) were implemented at
the simulation boundaries to eliminate artificial reflections and
confine EM energy within the computational domain—an
essential requirement at THz frequencies where small errors
can distort absorption spectra. The computational domain was
chosen to be sufficiently larger than the absorber itself to sup-
press spurious interactions, thereby ensuring reliable evaluation
of near-unity absorption behaviour. Adaptive local mesh
refinement available within CST Studio Suite was utilised
around fine geometrical details such as resonator edges and
narrow gaps to improve numerical resolution.

The structure is illuminated by a normally incident plane wave,
with the electric field (E-field) polarised along the x-axis and the
magnetic field (H-field) aligned along the y-axis. This orienta-
tion is deliberately selected to maximise resonant coupling with
the metamaterial geometry, ensuring the excitation of both
electric and magnetic dipole modes. Plane-wave excitation is
particularly advantageous for broadband analysis, enabling
uniform illumination across the resonator array while main-
taining polarisation alignment. The correct assignment of ma-
terial properties—aluminium for the resonators and polyethene
terephthalate (PET) as the dielectric spacer—further enhances
simulation fidelity. PET is specifically chosen for its low
dielectric loss, high THz transparency and mechanical flexi-
bility, making it a robust platform for biosensing applications.

Figure 1 illustrates the device architecture and field orienta-
tions. The patterned aluminium resonators are deposited on a

PET substrate and backed by a metallic ground plane to sup-
press transmission. The incoming wave, indicated by the red
arrow, interacts with the resonator array, where the electric field
(E), magnetic field (H) and wave vector (k) define the excitation
conditions. The engineered geometry ensures impedance
matching with free space (Zo ~ 377 Q), thereby minimising
reflection. This mechanism, combined with Fabry-Pérot-type
interference within the dielectric cavity, results in strong field
confinement at the biosensor surface. Unlike conventional
single-layer absorbers, this multilayer architecture supports
multiple sharp and engineered resonances whose spectral po-
sitions are controlled through geometric design and electro-
magnetic optimisation.

At resonance, surface plasmon-like modes are excited, leading
to strong localisation of the electric field within the resonator
gaps and dielectric regions. These localised “hot spots”
dramatically amplify light-matter interactions, making the de-
vice extremely responsive to even minute changes in permit-
tivity caused by leukaemia biomarkers. As biomarkers bind to
the sensing surface, the effective permittivity of the local me-
dium changes, inducing measurable shifts in resonance fre-
quency. This high degree of sensitivity, enabled by micron-scale
confinement, provides a powerful diagnostic pathway for early-
stage leukaemia detection. The combination of accurate simu-
lation, material choice and structural engineering thus ensures
that the biosensor achieves not only near-unity absorption but
also superior diagnostic precision.

A dimensional comparison with conventional designs is sum-
marised in Table 3. Traditional biosensors, often millimetre-
scale, suffer from limited resolution and poor integration
capability. In contrast, the proposed biosensor achieves a
micron-scale footprint, enabling extremely high resolution
through enhanced field confinement and stronger local in-
teractions with low-volume biomarkers. This miniaturisation is
scientifically justified, as it directly translates to improved
sensitivity, greater compatibility with CMOS and chip-based
systems and the potential for portable, low-cost diagnostic de-
vices. Such features are particularly crucial for leukaemia
detection, where only small biological samples are available and
precise readouts are essential for reliable early-stage diagnosis.

3 | Structural and Material-Based Influence on
Absorption Dynamics

This section provides a comprehensive analysis of the absorber's
performance, comparing various configurations, material choices
and structural variations. It explores the impact of these factors on
absorption efficiency, S-parameters, permeability, permittivity,
refractive index and impedance, offering insights into the elec-
tromagnetic behaviour of the proposed design.

3.1 | Absorption Profile Comparison Across
Design Variants

In metamaterial-based absorbers, the primary goal is to effi-
ciently channel incident electromagnetic energy into localised
resonant modes. This efficiency is captured through the ab-
sorption coefficient, mathematically defined as
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A=1-R-T=1—|Su|*—|Sul 3)

where S;; and S,; denote reflection and transmission co-
efficients, respectively. In practical designs, the metallic ground
plane effectively suppresses transmission (S,; ~ 0), which
means that achieving near-unity absorption depends largely on
minimising reflection (S;;). Guided by this principle, we
employed CST Studio Suite to meticulously design and simulate
the proposed sensor, optimising its resonant features to enhance
absorption performance in the terahertz (THz) domain.

To systematically evaluate the impact of geometry on absorption
behaviour, two distinct resonator models were investigated, as
illustrated in Figure 3. This comparative approach allowed us to
identify how structural modifications influence resonance for-
mation and field confinement, both of which are critical for high-
sensitivity biosensing applications. The first design, shown in
Figure 3a, is a relatively simple yet highly efficient configuration,
producing two dominant absorption peaks at approximately
1.375 THz and 1.875 THz, with absorption efficiencies of nearly
100% and 99%, respectively. The second design, incorporating a
discontinuous square geometry intended for compatibility with
more complex infinity-shaped structures, exhibited a richer
spectral response. As shown in Figure 3b, this configuration
generated eight distinct resonance peaks, maintaining absorption
levels above 80% across the frequency span of 0.50 THz to 2 THz.

These findings underscore how geometric engineering directly
governs resonance behaviour, enabling precise control over both
the strength and spectral position of absorption peaks. By
demonstrating the capacity to tune absorption responses
through structural modifications, the results provide a robust
framework for advancing THz metamaterial absorbers as reli-
able and versatile building blocks in the development of ultra-
sensitive biosensing platforms.

The comparative analysis in Table 4 highlights the superiority of
the proposed biosensor over conventional broadband approaches.
Unlike broadband sensors, which typically suffer from poor fre-
quency selectivity and moderate performance metrics, the pre-
sented design achieves sharp and isolated resonances across eight
distinct frequency bands. This multiband response not only en-
hances detection flexibility but also enables simultaneous iden-
tification of multiple biomarkers, a critical feature for complex
diseases such as leukaemia where heterogeneous signatures are
expected. Furthermore, the consistently high Q-factors across all
peaks ensure precise resolution of small dielectric perturbations,

—
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FIGURE 3 | Simulated absorption characteristics across two design
variants: (a) Configuration Model 1, (b) Configuration Model 2
(proposed biosensing model).

while the exceptionally large Figure of Merit (> 56,000) confirms
the biosensor's unprecedented sensitivity to minute biochemical
variations. The incorporation of specific spectral markers at
multiple frequencies strengthens diagnostic certainty, posi-
tioning this multiband design as a transformative improvement
over traditional broadband biosensors.

3.2 | Impact of Substrate and Resonator
Composition on Electromagnetic Response

The absorption performance of a metamaterial-based biosensor is
strongly governed by the choice of substrate material, as the
dielectric properties of the substrate dictate how electromagnetic
waves interact with the resonant structures. To investigate this
effect, the proposed biosensor was simulated with four commonly
used substrates: polyethene terephthalate (PET), Arlon AD 410,
polyimide and Rogers RT 5870, as illustrated in Figure 4a. Each
substrate exhibits unique dielectric characteristics that directly
influence the absorption spectrum. For instance, Arlon AD 410,
with its low dielectric constant, demonstrates compatibility with
high-frequency applications and yields strong absorption within
the 0.5-2 THz range; however, its performance deteriorates at
frequencies outside this band. Rogers RT 5870, on the other hand,
provides superior dielectric stability and a highly consistent ab-
sorption response across the terahertz spectrum. Despite these
advantages, it presents notable drawbacks, such as high cost,
limited high-frequency performance data and anisotropic

TABLE 4 | Optimised multiband spectral response performance.

This work
Broadband (multiband, 8 Scientific
biosensors peaks) justification
Sharp, isolated Multiband
resonance
allows detection
of multiple bio-
markers across
different
frequencies

Feature

Frequency Poor
selectivity bands

Narrowband
peaks improve
resolution in
detecting minor
dielectric
changes

Very high High FOM

(> 56000 based indicates

on sim.) extreme
sensitivity to
material
changes

Multiple
frequencies
improve
diagnostic
certainty for
complex
diseases like
leukaemia

Low-to-
medium

Q-factor High Q-factor

at all 8 peaks

FOM ~Low
(Figure of
merit)

Sensitivity General  Specific
trend only spectral

markers
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behaviour that can distort wave propagation. PET emerges as a
cost-efficient alternative with ease of fabrication, though it is
constrained by its relatively high dielectric constant and thermal
sensitivity. Polyimide balances these trade-offs by offering stable
thermal endurance and broad absorption coverage from 0.5 to
2 THz. Thus, substrate selection involves a compromise between
performance, manufacturability and cost. In this study, PET was
ultimately chosen to achieve an optimal balance of affordability
and operational efficiency, ensuring that the sensor remains both
practical and effective for leukaemia biomarker detection.

Beyond the substrate, the resonator material is equally decisive
in shaping the biosensor's spectral performance. To explore this,
we analysed designs incorporating aluminium (Al), silver (Ag)
and gold (Au) as resonator materials, as presented in Figure 4b.
The observed absorption peaks confirm the capability of these
metals to support multiband resonances across the 0.5-2 THz
spectrum, a prerequisite for detecting diverse bio-analytes. This
behaviour stems from their ability to sustain surface plasmon
resonances, which confine electromagnetic energy at the
metal-dielectric interface and thereby amplify sensitivity to
dielectric perturbations caused by biological targets. Gold and
silver are particularly effective in generating sharp and well-
defined plasmonic resonances, enabling precise detection of
subtle biomolecular changes. Aluminium, although less plas-
monically active than noble metals, offers clear advantages of
lightweight, cost-effectiveness and compatibility with scalable
fabrication. Remarkably, the aluminium-based design still sup-
ports multiple strong resonances, demonstrating that econom-
ical materials can rival expensive alternatives in enabling early-
stage leukaemia detection through terahertz biosensing.

A further optimisation was performed by varying the substrate
thickness from 10 to 50 um to determine its effect on absorption

Absorption

Absorption
=] =]
2.9

e
B

0.0 Aluminum
——PET  ——ArlonAD410 = Polyimide ——silver
02 —I'n.gm RT z:sm - - = -0.2 Gold
050 0.75 1.00 125 150 1.75 2.00
(a) Frequency (THz)

050 075 1.00 125 150 175 2.00
(® Frequency (THz)

FIGURE 4 | Simulated absorption spectra under varying material

parameters: (a) different substrate compositions, (b) resonator

material variations.
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- O.\ 0.0 <
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FIGURE 5 | Modelled results showing: (a) impact of substrate
thickness on absorption efficiency, (b) reflection and absorption
behaviour of the metamaterial absorber.

response, as shown in Figure 5a. The results reveal that increasing
thickness enhances the number of resonant modes supported
within the 0.5-2 THz window. This increase in resonance density
can be attributed to stronger Fabry-Pérot-like interference within
the dielectric spacer, leading to enhanced coupling between
incident terahertz waves and the resonant structures. At a
thickness of 50 um, the biosensor achieves optimal performance
with well-defined resonances that significantly strengthen field
confinement. The optimised device response is summarised in
Figure 5b, where eight distinct absorption peaks exceeding 80%
are observed, several of which approach unity absorption. Such
strong absorption, coupled with suppressed reflection, signifies
nearly perfect impedance matching with free space and efficient
localisation of electromagnetic energy at the sensing surface. This
performance underscores the biosensor's ability to resolve minute
dielectric perturbations associated with leukaemia biomarkers,
thereby establishing a robust platform for highly sensitive ter-
ahertz biosensing applications.

3.3 | Response Evaluation Based on Simulated
Parameters

The functionality and performance of metamaterial-based ter-
ahertz (THz) biosensors fundamentally depend on the accurate
characterisation of their electromagnetic response. Artificial in-
telligence (AI)-augmented biosensors designed using meta-
material perfect absorbers (MPAs) benefit significantly from the
precise retrieval of effective constitutive parameters. These
include the complex refractive index n(w), effective permittivity €
(w), magnetic permeability u(w) and impedance Z(w). The
following equations are essential tools that establish the link be-
tween measured or simulated scattering parameters and the
physical properties governing the sensor's interaction with inci-
dent THz radiation.

Equation (2) provides the means to extract the effective refrac-
tive index n(w) of the metamaterial structure from the trans-
mission and reflection coefficients. The formulation is given by
Equation (2).

2 2
M) 4)

_ -1
n(w) = —co < 250

1

od S
where k, represents the free-space wave number and d is the
physical thickness of the metamaterial layer. This equation
encapsulates the phase information of the transmitted wave and
enables the identification of resonance modes across the THz
spectrum. In the context of biosensing, even minute alterations
in the refractive index induced by biomolecular adsorption on
the sensor surface can lead to measurable shifts in resonant
frequencies, thereby enabling sensitive detection. Furthermore,
these shifts serve as reliable inputs for AI models trained to
associate specific spectral patterns with analyte presence or
concentration. Building on the determination of n(w), Equa-
tion (4) defines the effective permittivity.

&(w) = n(w)/Z(w) &)

This relationship highlights how permittivity depends on both the
refractive index and the characteristic impedance of the medium.
Permittivity is especially crucial in biosensor applications, as it
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reflects the ability of the medium to store electric energy, a
property directly modulated by the presence of biological mole-
cules. Changes in permittivity affect the local electric field dis-
tribution and can thus be exploited as diagnostic indicators.
Moreover, Al algorithms utilise trends in permittivity as dis-
tinguishing features when classifying different analyte types or
environmental conditions. Similarly, Equation (5) calculates the
magnetic permeability of the medium.

u(@) = n(w) X Z(w) (6)
Where Z(w) = \u(w)/e(w) (7)

Permeability is vital for describing the sensor's magnetic
response, particularly in the design of resonant structures that
support artificial magnetic activity in nonmagnetic materials.
This parameter is instrumental in determining the energy
confinement and absorption characteristics of the MPA struc-
ture. From a computational perspective, the permeability also
forms part of the feature space for machine learning models,
allowing the network to learn from the magnetic field in-
teractions within the structure, especially when tuning for ultra-
narrowband or broadband absorption. Equation (5) introduces
an effective impedance. This fundamental expression links the
impedance to both the permittivity and permeability, ensuring
consistency across the retrieved parameters. Impedance plays a
central role in defining the absorption behaviour of the meta-
material. For a structure to function as a perfect absorber, its
impedance must be matched to that of free space, minimising
reflection and enabling near-total absorption at resonance. In
Al-assisted optimisation workflows, impedance data can be
used to define objective functions for network training or rein-
forcement learning, guiding the generation of geometries that
achieve ideal absorption for targeted biosensing scenarios.

Figure 6 presents the retrieved effective electromagnetic param-
eters of the proposed metamaterial structure over the frequency
range of 0.5-2.0 THz, providing qualitative insight into the reso-
nance behaviour governing the absorption response. In Figure 6a,
the real parts of the effective permeability and permittivity are
plotted as functions of frequency. Both parameters exhibit
dispersive characteristics with multiple resonance-associated
transitions primarily distributed within the 0.75-1.75 THz re-
gion, which closely correspond to the observed absorption peaks.

The permeability demonstrates several sign variations near
approximately 0.65 THz, 0.75 THz, 0.9 THz, 1 THz, 1.3 THz,
14 THz and 1.51 THz. These variations are indicative of
resonance-associated magnetic responses arising from circu-
lating currents within the metamaterial geometry. Similarly, the
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FIGURE 6 | Electromagnetic parameter evaluation: (a) Real part of
permeability (1) and permittivity (¢), (b) Imaginary parts of p and e.

permittivity exhibits frequency-dependent dispersion, with re-
gions approaching or attaining negative values around 0.5 THz,
0.65 THz, 0.8 THz, 1.2 THz and 1.5 THz, suggesting epsilon-
negative behaviour associated with electric resonance effects.
The coexistence of these dispersive electric and magnetic re-
sponses is consistent with the formation of resonant conditions
that support strong electromagnetic field confinement.

In Figure 6b, the imaginary components of u and ¢ are presented.
Pronounced peaks are observed at frequencies aligned with the
absorption resonances, indicating enhanced dielectric and mag-
netic losses. These loss characteristics are associated with efficient
energy dissipation resulting from localised field enhancement
and induced surface currents within the structure. Such behav-
iour supports near-unity absorption in metamaterial perfect ab-
sorbers and enhances light-matter interaction, which is
beneficial for sensing applications.

It is important to note that, because of the presence of the
metallic ground plane (resulting in S,; = 0), the retrieval of
effective parameters using NRW-based methods is inherently
sensitive. Therefore, the extracted parameters are interpreted
primarily in terms of their frequency-dependent trends and
their correlation with absorption resonances, rather than abso-
lute magnitudes. The consistent alignment between the
parameter dispersion and the absorption response confirms
the physically consistent and numerically validated operation of
the proposed metamaterial biosensor.

Figure 7 provides a detailed evaluation of the reflection coeffi-
cient (S;;) and the normalised impedance (Z), both of which are
fundamental to understanding absorption characteristics and
impedance matching. In Figure 7a, the real and imaginary
components of Sy, are plotted. Oscillatory variations are evident,
with minima near 0.85 THz, 1.05 THz, 1.3 THz, 1.5 THz and
1.75 THz. These minima correspond to resonance conditions
where reflection is suppressed, and absorption is maximised,
primarily because of strong interference effects within the
subwavelength periodic structure. Such oscillatory trends in S;;
are typical of metamaterial absorbers, where destructive inter-
ference between incident and reflected waves enables near-
perfect absorption. In Figure 7b, the retrieved impedance Z(w)
is presented. The real component approaches unity at multiple
frequencies (e.g., ~0.85 THz, 1.1 THz and 1.6 THz), signifying
impedance matching with free space. Concurrently, the imagi-
nary component approaches zero at the same frequencies,
fulfiling the condition for perfect absorption. The sharp oscil-
lations observed in both the real and imaginary parts, especially
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FIGURE 7 | Parameter analysis: (a) Real and imaginary components
of reflection coefficient (S;;), (b) Modelled impedance behaviour.
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around 1.25 THz and 1.7 THz, indicate localised resonance
modes, likely associated with surface coupling and plasmonic
interactions between adjacent resonators. This impedance
behaviour not only confirms efficient absorption but also sup-
ports multiband operation, which is vital for biosensors
designed to detect multiple biomarkers simultaneously.

Figure 8 illustrates the electromagnetic response of the proposed
metamaterial biosensor in terms of the effective refractive index
and the corresponding absorption characteristics across the
terahertz frequency range. In Figure 8a, the real and imaginary
components of the retrieved refractive index n(w) are shown.

The real part of the refractive index exhibits dispersive and
oscillatory behaviour, particularly within the resonance regions.
These variations reflect the frequency-dependent phase response
of the structure and are consistent with the presence of multiple
resonant modes supported by the subwavelength geometry. The
observed behaviour arises from the combined effects of localised
resonances within the patterned structure and cavity-like in-
teractions within the layered configuration, rather than purely
Fabry-Pérot-type phenomena.

The imaginary part of the refractive index represents the effec-
tive loss within the system and shows frequency-dependent
variations that closely follow the absorption profile. Peaks in
the imaginary component correspond to enhanced energy
dissipation associated with strong field localisation and induced
currents at resonance frequencies. In contrast, relatively lower
values at certain frequencies (e.g., near 1.25 THz and 1.75 THz)
indicate reduced dissipative contributions while still maintain-
ing efficient absorption through impedance matching and
resonant coupling mechanisms.

In Figure 8b, the absorption spectrum is presented together with
the reflection coefficient ISl in decibels. Multiple distinct ab-
sorption peaks approaching unity (=~ 0.95) are observed at
approximately 0.9065 THz, 1.15 THz, 1.283 THz, 1.4693 THz,
1.526 THz, 1.6835 THz and 1.784 THz. These peaks correspond
directly to pronounced minima in the reflection coefficient,
where IS;;| drops significantly below —10 dB, indicating strong
suppression of reflected power.

This behaviour is characteristic of metamaterial perfect ab-
sorbers, where near-unity absorption is achieved through
impedance matching with free space in conjunction with
negligible transmission due to the metallic ground plane. The
strong correspondence between refractive index dispersion and
absorption features, together with the independently validated
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FIGURE 8 | Electromagnetic response: (a) Real and imaginary values
of refractive index, (b) Magnitude of IS;;| in decibels.

narrowband and mesh-converged simulations, confirms that the
observed resonances are physically intrinsic and not numerical
artefacts, thereby supporting the multiband resonant operation
of the proposed biosensor.

This systematic investigation demonstrates that the proposed
biosensor achieves simultaneous control over permittivity,
permeability and refractive index, thereby enabling impedance-
matched multiband absorption across the terahertz spectrum.
Importantly, €, 4, and n attain negative values within selected
frequency bands, giving rise to tri-negative behaviour. Such a
tri-negative response (¢ < 0, u < 0, and n < 0) is rarely observed
in natural materials and is associated with left-handed meta-
materials, which support backward wave propagation and
enhanced field localisation. This property enhances electro-
magnetic confinement, strengthens interactions with low-
concentration analytes and reduces scattering losses. Conse-
quently, the proposed design substantially improves sensitivity
and diagnostic precision, underscoring its novelty and effec-
tiveness for early-stage leukaemia detection and related
biomedical sensing applications.

Table 5 highlights the unconventional electromagnetic response
of the proposed biosensor in contrast to ordinary dielectric
media. Whereas conventional dielectrics typically exhibit posi-
tive values of permittivity (), permeability (1) and refractive
index (n), the engineered metamaterial demonstrates simulta-
neous negative values of all three parameters within selected
terahertz frequency ranges. This tri-negative behaviour is of
particular scientific importance, as it promotes strong electro-
magnetic field confinement, enhances impedance matching for
near-unity absorption and supports reverse-phase propagation
that mitigates scattering losses. Together, these effects signifi-
cantly strengthen the interaction between the incident wave and
biological samples, thereby improving the sensor's ability to
detect minute dielectric variations associated with leukaemia
biomarkers. Achieving such a coordinated electromagnetic
response is rare in practice and represents a central novelty of
this study, providing a robust basis for accurate and sensitive
early-stage leukaemia diagnostics.

4 | Electromagnetic Field and Surface Current
Characteristics of the Metamaterial Design

This section visualises the electromagnetic field and surface
current distributions within the metamaterial structure at various
resonance frequencies. By analysing electric and magnetic field
distributions, as well as real and imaginary components of surface
currents, we gain insights into the metamaterial's electromag-
netic behaviour and optimise its design for terahertz applications.

4.1 | Electric Field Distribution Across the
Metamaterial

The spatial distribution of the electric field in the proposed
metamaterial biosensor was systematically studied across the
frequency range from 0.679 THz to 1.784 THz, providing
essential insights into resonance mechanisms, field confinement
and energy localisation within the structure. Understanding the
evolution of both the real and imaginary components of the
electric field is critical for assessing the coupling efficiency of
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TABLE 5 | Electromagnetic response: simultaneous negative E, u and refractive index.

This work (metamaterial

Scientific justification for leukaemia detection

Parameter Typical dielectrics biosensor)

Permittivity (¢) Positive Negative in specific THz
bands

Permeability  Positive Negative in matched regions

)

Refractive Real and positive Simultaneously negative

index (n)

Novelty Standard material Fully engineered tri-negative

behaviour response

Negative € enhances field confinement, increasing
interaction with biological analytes

Negative p contributes to impedance matching for perfect
absorption

Enables reverse-phase wave propagation, enhancing
sensitivity and reducing scattering losses

Tri-negative response is rare and significantly enhances
early-stage detection accuracy

incident THz waves into the metamaterial and predicting the
biosensor's sensitivity to dielectric perturbations.

At the lowest frequency, 0.679 THz (Figure 9), the electric field
exhibits weak localisation, primarily concentrated near discon-
tinuities and edges of the resonator. The real part indicates the
onset of resonance, whereas the imaginary part remains mini-
mal, reflecting low reactive energy storage. This initial behav-
iour is consistent with a nascent resonant mode, where the
metamaterial begins interacting with the incident THz wave.
Compared to higher frequencies, the field intensity is lower,
showing that energy coupling is still inefficient.

As the frequency increases to 0.9065 THz (Figure 10), both real
and imaginary components display stronger localisation along
key resonator features. The field intensity is noticeably higher
than at 0.679 THz and hotspots emerge symmetrically along the
unit cell, suggesting enhanced electromagnetic coupling and the
establishment of a more defined fundamental resonance. This
improvement demonstrates a direct correlation between fre-
quency increase and energy confinement, a critical factor for
biosensing applications.

At 1.15 THz (Figure 11), the electric field exhibits sharper and
more focused hotspots, particularly in the real component,
which shift toward the inner regions of the resonator. This
represents the transition to a higher-order mode with a complex
spatial energy distribution. Compared to the 0.9065 THz mode,
the field intensity is significantly stronger, indicating improved
energy storage in localised regions. Such behaviour supports the
ability of the metamaterial to enhance near-field interactions
and detect subtle dielectric variations, which is highly relevant
for sensitive analyte detection, such as in leukaemia biomarkers.

Moving to 1.283 THz (Figure 12), the field distribution becomes
more asymmetric, with maxima shifting toward different
structural regions. This contrasts with the previously observed
symmetric patterns at 0.9065 THz and 1.15 THz. The asymmetry
suggests possible mode coupling or hybridisation, where energy
is redistributed between adjacent resonator elements. This inter-
element interaction may be a consequence of unit cell geometry
and is indicative of a multi-modal resonant behaviour, which
enhances multi-band sensing capabilities.

At 1.4693 THz (Figure 13), a strong electric field localisation is
observed, with sharp peaks in the real part concentrated within
specific structural features. This frequency shows a markedly
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FIGUREY9 | Spatial distribution of the real and imaginary parts of the
|[El-field at 0.679 THz, revealing localised field intensities near critical
structural features: (a) real part, (b) Imaginary part.
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FIGURE 10 | Corresponding |El-field components at 0.9065 THz,
highlighting changes in field confinement and resonance behaviour:
(a) real part, (b) Imaginary part.
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FIGURE 11 | |El-field distribution at 1.15 THz, with a notable
concentration of the real part in specific resonator regions: (a) real
part, (b) Imaginary part.

higher field intensity than at 1.283 THz, highlighting a transi-
tion to a dominant resonance with high-quality factor charac-
teristics. Such confinement is particularly beneficial for narrow-
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band biosensing, as it increases the interaction cross-section
with surface-bound analytes.

The following frequency, 1.526 THz (Figure 14), maintains high
electric field intensity near surface regions. The real part ex-
hibits pronounced near-field enhancement, likely resulting from
surface plasmon-like effects induced by the metallic resonator
geometry. Compared to 1.4693 THz, the field maxima slightly
shifted, indicating selective excitation of surface-localised
modes. These enhanced near-field interactions are critical for
improving sensitivity in biosensing applications that rely on
evanescent field interactions.

At 1.6835 THz (Figure 15), the field patterns become complex,
displaying multiple localised maxima with constructive inter-
ference. This complexity differs from the simpler field
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FIGURE 12 | Field behaviour at 1.283 THz, indicating a shift in
electric field maxima as frequency increases: (a) real part, (b) Imaginary
part.
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FIGURE 13 | Field mapping at 1.4693 THz, demonstrating a more
pronounced field localisation in certain metamaterial elements:
(a) real part, (b) Imaginary part.
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FIGURE 14 | Electric field response at 1.526 THz, confirming the
presence of enhanced near-field interactions: (a) real part,
(b) Imaginary part.

distributions at lower frequencies, suggesting mode hybrid-
isation and simultaneous excitation of multiple resonant states.
The constructive interference leads to stronger overall field in-
tensities, demonstrating that the metamaterial supports multi-
ple absorption channels, which is essential for multi-analyte
detection.

Finally, at 1.784 THz (Figure 16), the electric field reaches its
strongest enhancement. Both real and imaginary components
exhibit sharp localisation across well-defined regions of the unit
cell. This high-frequency mode represents a terminal high-order
resonance, with intense energy storage and minimal field
leakage. Compared to all previous modes, this frequency ex-
hibits the highest peak field intensity, confirming the structure’s
capability to trap THz waves effectively and suggesting maximal
sensitivity for detecting low-concentration biological analytes.

4.2 | Magnetic Field Distribution Within the
Metamaterial

The magnetic field distribution was analysed to further eluci-
date absorption mechanisms and field-matter interactions,
complementing the electric field analysis. The magnetic field
profiles reveal the interaction of the metamaterial with incident
THz waves and highlight how geometry influences absorption
efficiency.

At the first resonance, 0.679 THz (Figure 17), the magnetic field
is concentrated within the dielectric spacer between the bottom
metallic resonator and the outer split square ring. Strong
coupling in this region minimises reflection, explaining the high
absorption observed at this frequency. Compared to higher
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(b)

FIGURE 15 | Field intensity at 1.6835 THz, where constructive
interference patterns are more evident: (a) real part, (b) Imaginary part.
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FIGURE 16 | I|El-field components at 1.784 THz, signifying
resonance-induced field enhancement across the structure: (a) real
part, (b) Imaginary part.
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frequencies, the magnetic energy is less confined, consistent
with the weaker electric field intensity in this mode.

At 0.9065 THz (Figure 18), the magnetic field intensity increases
and the coupling mode shifts to the inner resonator regions.
This contrasts with the outer-region localisation at 0.679 THz
and demonstrates the influence of geometric symmetry on field
distribution. Such redistribution was used to optimise the
middle resonator dimensions, enabling better control over
subsequent absorption peaks.

At 1.15 THz (Figure 19), the magnetic field shows enhanced
localisation around smaller internal structures. The observed
patterns indicate magnetic dipole excitation via anti-parallel
surface currents, a hallmark of magnetic resonance in meta-
material perfect absorbers. Compared to 0.9065 THz, the field

(a) (b)

FIGURE 17 | Real and imaginary components of the |Hl-field at
0.679 THz, demonstrating localised magnetic activity within specific
regions of the structure: (a) real part, (b) Imaginary part.
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FIGURE 18 | Field profiles at 0.9065 THz, highlighting modifications
in magnetic flux density as resonance shifts: (a) real part, (b) Imaginary
part.

1500
1400
1300
1200
1100
1000
900
800
700
600
500
400
300
200
100

(b)

FIGURE 19 | Magnetic field characteristics at 1.15 THz, where
increased localisation suggests enhanced magnetic interaction: (a) real
part, (b) Imaginary part.

intensity is higher and more spatially confined, confirming the
progression toward higher-order resonance modes.

At 1.526 THz (Figure 20), the field distribution exhibits stronger
localisation within the inner resonator regions and along the
structural discontinuities, indicating enhanced electromagnetic
confinement. The real component demonstrates concentrated
hotspots associated with efficient energy storage, whereas the
imaginary component reveals localised phase variations related
to reactive energy exchange within the resonant structure.
Compared with the preceding resonance mode, the observed
increase in field confinement indicates stronger light-matter
interaction, which is beneficial for improving sensitivity to-
ward subtle dielectric variations associated with leukaemia
biomarkers.

The peaks at 1.4693 THz (Figure 21) and 1.526 THz (Figure 22)
demonstrate strong magnetic interaction with the outer vertical
structures, whereas inner elements were tuned to select these
precise frequencies. This multi-scale interaction strategy differs
from lower-frequency modes, illustrating how selective reso-
nance tuning can achieve multiple, discrete absorption bands.

At 1.6835 THz (Figure 23), the magnetic field interacts pre-
dominantly with horizontal outer structures, generating an
additional absorption mode. This differs from the previously
dominant vertical coupling at 1.4693 THz and 1.526 THz,
highlighting the versatility of the design in supporting multi-
band operation.

Finally, at 1.784 THz (Figure 24), the magnetic field exhibits
dense profiles throughout the structure, with the use of small

FIGURE 20 | |H|-field distribution at 1.283 THz, reflecting the
frequency dependence of magnetic field confinement: (a) real part,
(b) Imaginary part.
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FIGURE 21 | Field behaviour at 1.4693 THz, revealing notable
changes in magnetic coupling: (a) real part, (b) Imaginary part.
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FIGURE 22 | [Hl-field at 1.526 THz, identifying regions of elevated

magnetic field concentration: (a) real part, (b) Imaginary part.
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FIGURE 23 | Magnetic response at 1.6835 THz, showing further
resonance-induced field intensification: (a) real part, (b) Imaginary part.

FIGURE 24 | Magnetic field coupling associated with the designed
resonant modes at 1.784 THz: (a) real part, (b) Imaginary part.

gaps in outer square rings to maximise confinement. Compared
to all previous modes, this highest-frequency resonance shows
the strongest magnetic energy density, supporting the conclu-
sion that high-frequency modes provide the most sensitive
response for biosensing applications.

4.3 | Surface Current Behaviour and Physical
Validation of Resonance Mechanisms

To further validate the physical origin of the observed multi-
band absorption, the surface current density distributions of the
proposed metamaterial biosensor are analysed at representative
resonance frequencies, as shown in Figures 25-32. Unlike
purely descriptive approaches, this analysis focuses on corre-
lating current localisation with resonance formation, impedance
matching, and sensing performance.

At the lower frequency of 0.679 THz (Figure 25), the surface
currents exhibit relatively weak localisation, primarily confined
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FIGURE 25 | Surface current distribution at 0.679 THz, revealing the
spatial flow patterns across the resonator's surface in both the real and
imaginary domains: (a) real part, (b) Imaginary part.
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FIGURE 26 | Surface current dynamics at 0.9065 THz, where
variations in current concentration and direction indicate a shift in
the resonant response: (a) real part, (b) Imaginary part.
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FIGURE 27 | Current pathways at 1.15 THz, highlighting enhanced
current localisation at the resonant edges of the structure: (a) real
part, (b) Imaginary part.

along the inner ring and limited portions of the unit cell
boundary. Both real and imaginary components display similar
spatial distributions with low intensity around the central C-
shaped resonators, indicating that the electromagnetic mode is
weakly excited. This behaviour is consistent with the early stage
of resonance formation, where energy coupling between the
incident wave and the structure remains limited.

As the frequency increases to 0.9065 THz (Figure 26), a clear
transition in current confinement is observed. The real
component demonstrates strong and symmetric localisation
around the central resonator, confirming the excitation of a
well-defined resonant mode. In contrast, the imaginary
component shows partial redistribution and reduced confine-
ment in certain regions, indicating frequency-dependent phase
variations and energy redistribution. Compared to 0.679 THz,
the increase in current intensity and spatial confinement reflects
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FIGURE 28 | Surface current map at 1.283 THz, capturing the
oscillatory behaviour and symmetry-induced effects within the unit
cell: (a) real part, (b) Imaginary part.
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FIGURE 29 | Current distribution at 1.4693 THz, with clear
indications of mode splitting and stronger coupling at specific
boundaries: (a) real part, (b) Imaginary part.
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FIGURE 30 | Current distribution at 1.526 THz, where the flow
intensifies in areas contributing to high field enhancement: (a) real
part, (b) Imaginary part.
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FIGURE 31 | Current confinement distribution at a distinct resonant
behaviour at 1.6835 THz: (a) real part, (b) Imaginary part.

a stronger coupling between the incident field and the meta-
material structure, which directly contributes to enhanced
absorption.
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FIGURE 32 | Surface current profile at 1.784 THz, showing well-
defined and frequency-sensitive current loops: (a) real part,
(b) Imaginary part.

At 1.15 THz (Figure 27), the surface current distribution be-
comes significantly more localised, particularly along the edges
and corners of the resonator. The formation of closed current
loops around the central and C-shaped elements indicates effi-
cient electromagnetic energy storage. Relative to 0.9065 THz,
this frequency exhibits higher current density and sharper
confinement, confirming the excitation of a higher-order reso-
nant mode. This enhanced localisation plays a critical role in
increasing sensitivity, as it amplifies the interaction between the
electromagnetic field and the surrounding analyte.

At 1.283 THz (Figure 28), the current distribution exhibits a
more structured and oscillatory pattern, with strong confine-
ment around the central region and angular features. The real
component maintains high symmetry along both axes, whereas
the imaginary component shows more distributed behaviour.
Compared to 1.15 THz, the presence of oscillatory current pat-
terns indicates the development of standing-wave-like behav-
iour, associated with resonance stabilisation and improved field
uniformity. This symmetry-driven confinement contributes to
sharper spectral features and improved refractive index
sensitivity.

At 1.4693 THz (Figure 29), the current distribution reveals
increased complexity, with multiple localised loops and asym-
metric intensity patterns. The real component shows strong
localisation along specific edges, whereas the imaginary
component exhibits broken symmetry. In contrast to the sym-
metric behaviour at 1.283 THz, this frequency demonstrates
clear evidence of mode hybridisation and splitting, arising from
inter-resonator coupling. This phenomenon leads to sharper
resonance features and increased sensitivity to small dielectric
perturbations.

At 1.526 THz (Figure 30), the surface currents become highly
concentrated around the central resonator and adjacent inner
edges, forming well-defined hotspots. The imaginary compo-
nent, although more dispersed, highlights regions of reactive
energy storage. Compared to 1.4693 THz, the current distribu-
tion here is more localised and stable, indicating an optimised
resonant condition with stronger field confinement and
improved analyte interaction.

At 1.6835 THz (Figure 31), the current distribution exhibits
highly refined and symmetric confinement along the resonator
contours. The real component shows strong localisation with
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minimal spatial spreading, whereas the imaginary component
confirms sustained resonance behaviour. Relative to 1.526 THz,
this mode demonstrates improved symmetry and confinement,
suggesting reduced energy leakage and enhanced resonance
quality, which directly contributes to higher sensitivity.

Finally, at 1.784 THz (Figure 32), the structure exhibits the
strongest current localisation across all analysed frequencies.
Well-defined current loops are concentrated around the central
and inner regions, indicating the excitation of a high-order reso-
nant mode. The similarity between real and imaginary current
distributions confirms strong coupling between stored and radi-
ated energy. Compared to all lower-frequency modes, this reso-
nance shows the highest degree of confinement and intensity,
resulting in maximal field enhancement and sensitivity.

Overall, the progressive evolution of surface current distribu-
tions from weak and diffuse localisation (0.679 THz) to highly
confined and symmetric patterns (1.784 THz) provides strong
physical validation of the multiband resonance behaviour of the
proposed structure. A direct correlation is observed between
current localisation, resonance strength, and absorption effi-
ciency, confirming that the observed spectral features originate
from well-defined electromagnetic modes rather than numerical
artefacts. The physical interpretation is further supported by the
presence of the following resonance characteristics:

1. closed current loops (magnetic resonance),
2. edge-localised currents (electric resonance) and
3. symmetry-driven confinement (mode stability),

collectively supports the impedance matching condition required
for near-unity absorption. These results validate the underlying
physics of operation and confirm that the enhanced sensing
performance arises from strong field confinement and efficient
light-matter interaction within the metamaterial structure.

5 | Diagnosis of Blood Cancer

The early and accurate diagnosis of blood cancer, particularly
leukaemia, is critically dependent on the ability to detect minute
changes in the electromagnetic properties of blood at the
cellular level. Several studies have confirmed that malignant
blood cells exhibit a higher refractive index compared to their
healthy counterparts, with typical values ranging from 1.376 for
normal blood to approximately 1.390 for leukaemia-affected
blood [55, 57, 68-71]. Although the difference is only in the
third decimal place, it is sufficient to cause discernible shifts in
the terahertz (THz) spectral response of a precisely engineered
metamaterial perfect absorber (MPA).

In the proposed biosensing system, this dielectric contrast serves
as the primary diagnostic parameter. The tri-negative (g, u, n)
metamaterial structure is specifically designed to amplify the
interaction between the incident THz wave and the analyte,
thereby increasing the sensitivity to such small refractive index
changes. This allows for clear spectral differentiation between
healthy and cancerous samples without requiring invasive
preparation.

Figure 33 presents the sensor's measured absorption coefficient
when exposed to normal blood and blood cancer samples. The

cancerous sample exhibits both resonance frequency shifts and
variations in absorption peak amplitudes. These deviations result
from the altered intracellular and membrane composition of
malignant cells, which modifies the local field confinement and
increases effective permittivity within the sensing region [55, 69].

A more comprehensive comparison is provided in Figure 34,
where the absorption coefficient is plotted over the 0.5-2 THz
range for both sample types. The data reveal two distinctive
spectral signatures associated with leukaemia. The first is the
red-shifting of resonance peaks, which results from the higher
refractive index of cancerous cells and the corresponding in-
crease in optical path length within the sample. The second is
the enhancement of peak sharpness and absorption depth, a
phenomenon attributed to stronger electric and magnetic field
coupling with the altered cell membranes of diseased cells [57,
69, 71].

To strengthen diagnostic confidence, a parallel evaluation was
carried out using the Microwave Imaging (MWI) technique,
illustrated in Figure 35. MWI exploits spatial variations in
dielectric properties to generate high-contrast images of biolog-
ical tissues. For this study, Jurkat cell carcinoma (J-CC) samples
were employed as a representative model for leukaemia detection.

Figures 36 and 37 demonstrate the outcomes of E-field and H-
field-based microwave imaging, respectively. In Figure 36, the
electric field distribution shows significantly higher localised
intensities within the cancerous sample. This phenomenon is

,/
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FIGURE 33 | Layered configuration of the proposed metamaterial
biosensor showing the MTM sensing structure, Jurkat cell sample
layer from blood, coverslip layers and corresponding thickness
parameters T1, T2, and T3.
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FIGURE 34 | Shows a comparative analysis of absorption coefficient
profiles over the frequency range of 0.5-2 THz, highlighting the distinct
electromagnetic signatures for (a) normal blood, and (b) blood cancer.
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FIGURE 35 | Three-dimensional representation of the proposed
biosensor showing the Jurkat cell sample positioned on the MTM
sensor surface with the coverslip layer.

(a) (b)

FIGURE 36 | Shows the simulated results obtained through electric
field-based microwave imaging, demonstrating clear field distribution
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FIGURE 37 | Shows the detection performance using magnetic field
(H-field) imaging, enabling contrast between (a) normal blood and
(b) blood cancer.

consistent with the expected increase in local permittivity and
enhanced plasmonic resonance within the metamaterial
absorber [55, 68]. Meanwhile, Figure 37 reveals that the mag-
netic field distribution also changes distinctly between the two
sample types. Cancerous cells display more pronounced mag-
netic coupling regions, which arise from modified current loops
in response to their altered dielectric environment [55, 69, 72].

The integration of spectral absorption analysis with dual-mode
(E-field and H-field) imaging represents a powerful diagnostic

approach. Although the absorption spectra provide quantitative
markers, such as frequency shifts and Q-factor variations, the
MWI imaging modes supply spatial confirmation of pathological
changes. This combined method significantly reduces false-
positive rates and increases diagnostic reliability.

Therefore, the proposed THz metamaterial biosensor, in
conjunction with MWI verification, offers a noninvasive, label-
free and highly sensitive pathway for early-stage leukaemia
diagnosis. Its ability to detect subtle dielectric variations and
provide multimodal imaging outputs positions it as a promising
clinical screening tool, potentially enabling earlier intervention
and improved patient outcomes.

6 | Quantitative Evaluation of Biosensor
Performance via Full-Spectrum and AI-Based
Metrics

To objectively assess the diagnostic potential of the proposed
THz metamaterial biosensor, a set of quantitative performance
metrics was computed using both full-spectrum analysis and AI-
based spectral interpretation. This multi-metric approach en-
ables a robust evaluation of sensitivity, selectivity and overall
detection capability in differentiating between normal and
leukaemia-affected blood samples.

6.1 | Q-Factor Analysis

The quality factor (Q), defined by Equation (7), quantifies the
sharpness of each resonance peak:

A

FWHM ®

Qfactor =
where f, is the resonance frequency and Af is the full width at
half maximum (FWHM). High-Q resonances indicate strong
frequency selectivity, which is essential for resolving small
dielectric perturbations caused by early-stage cancer.

For the proposed sensor, all eight resonance peaks in the
0.5-2 THz range exhibited exceptionally high Q-factors, with the
maximum exceeding 268.34, as reported in Table 6. This far
surpasses typical values for conventional THz biosensors, where
Q rarely exceeds ~15 [71, 72, 76]. Such sharp spectral features
are a direct result of the tri-negative metamaterial design, which
minimises energy dissipation and maximises field confinement
at resonance.

6.2 | Euclidean Sensitivity

The Euclidean sensitivity Equation (8) measures the total
spectral deviation between the cancerous and healthy absorp-
tion profiles:

”Acancer - Ahealthy || 2

An ©)

Sguc =

where A( ﬁ) represents the absorption coefficient at frequency
point f;, and N is the total number of sampled frequencies. This
metric captures global differences across the entire frequency
range rather than relying on isolated peaks.
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TABLE 6 | Bio-sensing performance comparisons of various sensor applications based on metamaterials.

Ref. Year published FOM (RIU-1) Q S (THz/RIU) Bio-application

[73] 2014 0.1216 5.58 0.02432 Detection of penicillia

[74] 2017 — — 0.0242, 0.02438 Detection of virus

[75] 2020 — — 0. 960 Biosensor, Collagen

[71] 2020 1.88 6.6 0.285 Sensor

[76] 2023 — 10.64 1.65 Cancer detection

[77] 2021 — — 0. 2833 Polystyrene particle

[78] 2021 — — 0.074 Cervical cancer

[79] 2022 3.86 13 0.207 Cancer detection

[80] 2022 0.166 — 1.06 Detection of avian influenza virus
[81] 2022 — — 0.068 Hepatocellular carcinoma

[82] 2023 1.81, 1.57 8.21, 6.05 0. 203 Sensor

[83] 2022 2.75 2.43 1.21 Cancer diagnosis, biosensor

[84] 2023 — 11 0.278 Bovine serum albumin protein
[85] 2023 — 82 0.495 Cancer detection

[86] 2023 0.86, 1.15 12.8, 13.5 0.0515, 0.076 Nonmelanoma skin cancer diagnostics
This work — 56722.80 268.34 355.859564 Blood cancer

For this biosensor, Euclidean sensitivity reached 56722.80,
indicating pronounced spectral separation between healthy and
diseased states. This value is orders of magnitude higher than
those observed in prior THz metamaterial biosensors for cancer
detection [71, 83, 87], confirming the enhanced discriminatory
power of the proposed design.

6.3 | AUC Sensitivity

The area under the curve (AUC) sensitivity Equation (9) eval-
uates the net energy change in the absorption spectrum caused
by the presence of cancer cells:

|AUCcancer - AUChealthy’

An (10)

Sauc =

This approach integrates the difference across the full spectral
range, providing a measure of total energy absorption variation
rather than localised shifts. The proposed sensor exhibited a
substantial AUC sensitivity value, indicating not only frequency
shifts but also significant changes in spectral amplitude, further
enhancing detectability in noisy environments.

6.4 | Figure of Merit (FOM)

The Figure of Merit (FOM), defined in Equation (10), is a widely
accepted benchmark for evaluating refractive index sensors:

Seuc
FOM = 11

where Sgyc is the refractive index sensitivity (THz/RIU). The
proposed biosensor achieved an unprecedented FOM of
56722.80 RIU ", far exceeding all previously reported values in
the literature (Table 6). This exceptional performance arises
from the combination of ultra-narrow linewidth resonances and
high refractive index sensitivity, both facilitated by the tri-
negative metamaterial structure.

6.5 | Comparative Performance Analysis

Table 6 provides a benchmark comparison of the proposed
biosensor against a wide range of metamaterial-based sensing
platforms developed between 2014 and 2023 for various bio-
applications. Although earlier works achieved respectable per-
formance for specific targets, such as virus detection [74, 79],
protein analysis [82] or general cancer sensing [71, 83], none
approached the combined Q-factor, Euclidean sensitivity, and
FOM achieved here. More specifically, the quantitative bench-
marking reveals the following key performance advantages:

1. Q-Factor: Our design's Q-factor (268.34) is more than 20x
higher than most reported THz biosensors.

2. Euclidean Sensitivity: Surpasses prior works by multiple
orders of magnitude, highlighting superior whole-spectrum
separation capability.

3. FOM: Exceeds previous top performers by a wide margin,
underscoring exceptional refractive index sensitivity.

6.6 | Implications for Early Leukaemia Detection

These results confirm that the proposed biosensor possesses the
necessary resolution, sensitivity and spectral stability to detect the
minute refractive index changes associated with early-stage
leukaemia. The combination of high-Q resonances, broad spec-
tral separation (as measured by Euclidean sensitivity), and
extremely high FOM ensures reliable classification even when
patient-specific variability or biological noise is present.

7 | Artificial Intelligence-Assisted Interpretation
of Terahertz Spectra for Cancer Classification

Although high sensitivity and selectivity are critical for biosensor
performance, the ability to interpret spectral data rapidly and
without human bias is equally important for real-world clinical
applications. To achieve this, the proposed THz metamaterial
biosensor is integrated with an artificial intelligence (AI)-assisted

18 of 28

IET Wireless Sensor Systems, 2026

Sd1Y) SUORIPUOD PUe SWS L 8U} 885 *[9202/80/TT] U0 A%eiq1T8UIIUO AB|IM ‘B0UB|BOXT 818D PUE U} eeH 104 3imisu| euolieN ‘3O IN AQ 6800 ZSSM/610T OT/I0p/00"A8| M A1 1[ou JUO"yo Jeasa 1 //:Sany wioly papeojumod ‘T ‘9202 ‘YBEIErOT

fa|imA.

35UB17 SUOLILLID SISO 3|ced ! dde ay) Aq pausenoB afe sajoie YO '8sN JO SN 1oy A1 auljuQ A8|IA\ LD (SUONIPUCO-PI



spectral analysis pipeline capable of performing automated clas-
sification of healthy and leukaemia-affected blood samples in
near real-time.

7.1 | Feature Vector Construction

The AI algorithm processes the raw S-parameter data, specif-
ically the real and imaginary components of S;; and S,;, from
both healthy and cancerous blood samples. As described in
Equations (11) and (12), two concatenated feature vectors are
constructed:

realh oimagh grealh cimagh

Vieatny = [SI, ST, S50, sipee | (12)
_ | qreale gimage greale gimagc

Veancer = [511 811 S Sy ] (13)

Here,

o sreath ginagh. Real and imaginary S;; from healthy sample
o Sreath gimagh. peal and imaginary S,; from healthy sample
o gredle GMAEC: Rea] and imaginary S, from cancer sample
o sieale gM38C. Real and imaginary S,; from cancer sample

Each vector is of length N (e.g., 201 frequency points).

7.2 | Normalisation

To ensure uniform scaling across all features, each vector un-
dergoes normalisation, either by L2-norm or z-score normal-
isation Equation (13):

V- ~
MorV

? = =
o VI,

(14)

This step mitigates amplitude bias and enhances the robustness
of subsequent classification.

7.3 | Pointwise Absolute Difference and AI Score

The algorithm then computes the pointwise absolute difference
between the healthy and cancerous vectors using Equation (14):

D= |Vcancer - Vhealthy| 15)

From this, the AI score is calculated as the mean of all spectral
differences using Equation (15):

4N

Al Score = (%) > .Di (16)

i=1

The AI score provides a single numerical indicator of how
distinct the two spectral states are.

7.4 | Decision Rule

Classification is performed using a decision threshold T, deter-
mined empirically during training Equation (16):

Cancer Detected, if AI Score > T
No Cancer, otherwise

Prediction = { 17)

The threshold T can be tuned for sensitivity or specificity,
depending on clinical requirements.

7.5 | AI-Based Classification Results

The performance of this Al-assisted classification is illustrated
in Figure 38, which shows the separation of healthy and
cancerous samples in the AI score space based on their full
0.5-2 THz absorption spectra. The results confirm that the al-
gorithm can reliably distinguish between the two classes with
minimal overlap, demonstrating its potential for real-time
leukaemia screening.

7.6 | Comparative Analysis With Previous Studies

Table 7 compares the integration of Al in biosensing between
previous THz studies and the present work. Whereas earlier
efforts typically applied AI for post-processing or limited
parameter analysis, the proposed system integrates AI directly
into the sensing pipeline, leveraging the full spectral profile
rather than a few selected parameters. This approach increases
sensitivity to extremely small spectral changes (< 0.0005 THz)
and allows adaptive thresholding, enabling over 95% classifica-
tion accuracy in simulation-based trials.

The present work offers several key advantages over conven-
tional approaches, as summarised in Table 7. Unlike traditional
post-classification methods, the integrated Al system operates in
real time, delivering immediate diagnostic outputs without the
need for offline processing. The model leverages full-range ab-
sorption data spanning 0.5-2 THz, which enriches the feature
set and enhances the robustness of classification. Instead of
relying on manual thresholding, the diagnostic mechanism ap-
plies distance-based learning, allowing greater adaptability to
variations in sample properties. Notably, this represents the first
reported integration of AI as an active, real-time analytical
element within a terahertz metamaterial biosensing framework
specifically designed for leukaemia diagnosis.

7.7 | Clinical Implications

By combining the biosensor's high sensitivity with AlI-driven
classification, the system eliminates subjective interpretation
and reduces the possibility of operator error. Moreover, the use
of entire spectral profiles ensures that the classifier captures
both peak shifts and broadband spectral changes, two hallmarks
of malignant cell dielectric alterations. This makes the system
particularly well-suited for early-stage leukaemia detection,
where spectral changes are subtle but diagnostically significant.

S11 Spectral Difference | Al DECISION: Cancer DETECTED

Abs(Diff)
p— %)

0

=
n
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Frequency (THz)
S21 Spectral Difference | AI Score: 0.1272

X

—

<
@

Abs(Diff)
wn

0

=
n
—

1.5 2
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FIGURE 38 | Al-based spectral classification and cancer detection
using terahertz metamaterial biosensor.
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TABLE 7 | Integration of artificial intelligence (AI) in terahertz biosensors.

Feature Previous studies This work Scientific justification

Al purpose Mostly used for post- Integrated into the sensor Al is used not just for post-processing but actively
classification only analysis pipeline interprets spectral shifts to classify biological states.

Data type Limited to intensity or S- Full-range absorption Analysing full spectral profiles improves sensitivity
parameters spectrum (0.5-2 THz) to subtle changes caused by cell structure differences.

Diagnosis Manual thresholding Distance-based learning and Enables more adaptive and reliable detection using

mechanism classification statistical patterns across the full spectrum.

Novelty No real-time Simulated real-time Al-based Al predicts the biological state from unknown files

interpretation classification

without human bias.

Having established a robust Al-based classification framework,
the next step is to explore Artificial Intelligence-Driven Diag-
nostic Classification Using Spectral Signatures in more detail,
including the integration of similarity metrics such as mean
squared error, Euclidean distance and correlation coefficients
for enhanced diagnostic reliability.

8 | Artificial Intelligence-Driven Diagnostic
Classification Using Spectral Signatures

Although the Al-assisted interpretation described in Section 7
focuses on raw S-parameter vector analysis, an alternative and
complementary approach is to use spectral similarity measures
between unknown samples and established reference spectra for
healthy and cancerous blood. This method leverages statistical
distance metrics to quantify how closely an unknown spectrum
matches each class, enabling more nuanced decision-making
when spectral variations are small.

8.1 | Mean Squared Error (MSE) Analysis

The first similarity measure is the Mean Squared Error (MSE),
which captures the average squared deviation between an un-
known sample's absorption spectrum Aynkown(f) and the mean
reference spectra for healthy A,(f) and cancerous A.(f) classes:

N
MSE = 5 35 (Au(5) = (5)) s
j=1
1Y 2
MSE. = 35 (Au(f) ~ (1) 19
j=1

Where,

e f € RN: frequency vector from 0.1 to 400 THz

e A,(f): absorption of unknown sample

. AS)( f): absorption of the ith healthy sample

o AD(f): absorption of the ith cancerous sample
e 1,(f): mean spectrum of all healthy samples

® u.(f): mean spectrum of all cancerous samples

A smaller MSE value indicates a closer match between the un-
known sample and the corresponding class reference spectrum.

8.2 | Euclidean Distance Metric

The Euclidean distance extends this comparison by evaluating
the geometric distance between spectral vectors in high-
dimensional space:

N
BUC, = | |23 () ~41)) (20)
j=1
S 2
BUC. = \ 2 (Au(fi) = 1(5)) @D
j=1
8.3 | Pearson Correlation Coefficient

The Pearson correlation coefficient measures the degree of
similarity in spectral shape, independent of absolute amplitude
differences:

L Sh () - AR - B)
VEL (Au(B) = A0)* T, (u(f) - )’

(22)

A correlation value r close to +1 indicates high similarity in
spectral trends between the unknown and reference samples.

8.4 | AI Decision Logic

For classification, the AI system compares MSE, Euclidean
distance and correlation coefficients between the unknown
sample and each class reference. The class with the lowest MSE
and Euclidean distance and the highest correlation coefficient is
selected as the match. This tri-metric approach provides resil-
ience against measurement noise, baseline drifts and biological
variability.

Cancerous if MSE. < MSE; and EUC, < EUCy

Class = { Healthy, otherwise

8.5 | Results and Interpretation

Figures 39 and 40 demonstrate the application of these metrics
for two cases. In Figure 39 the unknown sample's metrics show
closer alignment with healthy reference data, leading to a
“Healthy” classification. In Figure 40 the unknown sample ex-
hibits smaller MSE and Euclidean distance to the cancer refer-
ence, along with a higher correlation value, resulting in a
“Cancerous” classification.

This decision process ensures that both localised spectral shifts
and overall spectral patterns are considered, improving robust-
ness compared to fixed-threshold methods.

20 of 28

IET Wireless Sensor Systems, 2026

Sd1Y) SUORIPUOD PUe SWS L 8U} 885 *[9202/80/TT] U0 A%eiq1T8UIIUO AB|IM ‘B0UB|BOXT 818D PUE U} eeH 104 3imisu| euolieN ‘3O IN AQ 6800 ZSSM/610T OT/I0p/00"A8| M A1 1[ou JUO"yo Jeasa 1 //:Sany wioly papeojumod ‘T ‘9202 ‘YBEIErOT

fa|imA.

35UB17 SUOLILLID SISO 3|ced ! dde ay) Aq pausenoB afe sajoie YO '8sN JO SN 1oy A1 auljuQ A8|IA\ LD (SUONIPUCO-PI



8.6 | Comparative Performance Analysis

Table 8 contrasts this Al-driven spectral similarity method with
traditional fixed-threshold classification approaches. Key ad-
vantages of the proposed method include the folowing:

1. Adaptability: Automatically adjusts to subtle spectral shifts
across the full spectrum without requiring manual
threshold tuning.

2. Sensitivity: Capable of detecting extremely small resonance
shifts (< 0.0005 THz) that are typically undetectable with
fixed-peak analysis.

3. Accuracy: Achieves > 95% leukaemia classification accu-
racy in simulation trials, outperforming manual thresh-
olding, which often yields inconsistent results because of
spectral noise and sample variability.

Al-Based Classification: HEALTHY
0.2
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FIGURE 39 | Spectral similarity comparison between the unknown
sample and reference groups using MSE and Euclidean distance
metrics, Al decision: Healthy.

Al-Based Classification: CANCER
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FIGURE 40 | Spectral similarity comparison between the unknown
sample and reference groups using MSE and Euclidean distance
metrics, Al decision: Cancerous.

8.7 | Clinical Significance

By combining full-spectrum similarity analysis with the high
spectral resolution of the proposed biosensor, this method
bridges the gap between laboratory-grade sensitivity and prac-
tical, field-deployable diagnostics. The result is a system capable
of reliable early-stage leukaemia detection with minimal oper-
ator intervention, adaptable to both controlled laboratory envi-
ronments and point-of-care clinical settings.

With both quantitative performance metrics (Section 6) and AI-
driven classification frameworks (Sections 7 and 8) established,
Section 9 will benchmark the proposed biosensor's performance
against existing state-of-the-art solutions, highlighting its ad-
vantages in sensitivity, specificity and practical deployment
potential.

9 | Artificial Intelligence Framework for Spectral
Classification

To enable automated diagnosis, a lightweight supervised
learning framework based on full-spectrum similarity analysis
and decision fusion is integrated with the proposed terahertz
metamaterial biosensor. The adopted model is not a deep neural
network architecture such as a multilayer perceptron (MLP) or
convolutional neural network (CNN). Instead, it employs a
three-stage classification pipeline consisting of spectral acqui-
sition and normalisation, feature extraction using similarity
metrics and decision-level classification. This architecture was
selected to achieve high interpretability, low computational
complexity and real-time diagnostic capability while maintain-
ing high classification accuracy.

In the first stage, the biosensor generates frequency-dependent S-
parameter responses (primarily Sq;) over the 0.5-2 THz range for
both reference datasets (healthy and leukaemia-affected samples)
and unknown inputs. These spectral responses are normalised to
ensure consistency across measurements.

In the second stage, each spectrum is treated as a high-
dimensional feature vector, and full-spectrum analysis is per-
formed using multiple similarity metrics, including mean
squared error (MSE), Euclidean distance and correlation coeffi-
cient. This approach captures both local resonance shifts and
global spectral variations, providing a robust representation of
dielectric changes.

In the final stage, classification is performed using a decision
fusion strategy, where the unknown sample is assigned to the
class that minimises distance-based metrics while maximising
correlation with the reference dataset. This constitutes a

TABLE 8 | Al-based spectral matching versus traditional fixed thresholding.

Sensitivity to

Leukaemia

Method Adaptability small changes classification accuracy Novelty and justification

Manual Low Poor Inconsistent Relies on predefined thresholds that may miss
thresholding subtle shifts

This Al High High (< 0.0005 THz > 95% (based on Uses full-spectral comparison (MSE, Euclidean,
approach shift) simulations) correlation) to resolve narrowband deviations
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lightweight supervised learning framework in which the refer-
ence spectra serve as the training set.

Unlike conventional peak-based methods, the proposed full-
spectrum approach improves robustness against noise and
fabrication variations. The framework achieves classification
accuracy exceeding 95%, while maintaining low computational
complexity and high interpretability, making it suitable for real-
time diagnostic applications.

10 | Benchmarking

A comprehensive benchmarking analysis was conducted to
position the proposed THz metamaterial biosensor within the
current landscape of cancer diagnostic technologies. The eval-
uation draws upon the comparative performance metrics pre-
sented in Tables 8-10, highlighting the sensor's unique
contributions in detection specificity, stage of diagnosis, opera-
tional methodology and quantitative sensitivity parameters.

10.1 | Specificity and Early-Stage Targeting

As shown in Table 9, most generic cancer biosensors lack
disease-specific dielectric targeting, relying instead on broad-
spectrum electromagnetic responses. In contrast, the proposed
design is explicitly tuned to leukaemia-specific dielectric varia-
tions, enabling unique absorption peak shifts caused by changes
in blood cell membrane composition and plasma content [55,
57]. This disease-specific optimisation enhances detection con-
fidence and reduces false positives from unrelated biological
variations.

Furthermore, the majority of existing sensors operate effectively
only when cancer is in an advanced stage, where dielectric
changes are more pronounced [72, 73]. Our biosensor is delib-
erately optimised for early-stage detection, capturing sub-0.015
RIU refractive index changes that occur before overt clinical
symptoms manifest. Early intervention at this stage has been

shown to significantly improve treatment outcomes and survival
rates [55, 57, 68-71].

10.2 | Full-Spectrum Analytical Approach

Another critical distinction, also highlighted in Table 9, lies in
spectral utilisation. Traditional biosensors often rely on partial-
spectrum analysis, focusing on isolated resonance peaks or
limited frequency ranges [72, 76]. In contrast, our approach
processes the entire 0.5-2 THz spectral profile, allowing the
detection of both localised peak shifts and broadband amplitude
variations. This holistic analysis is crucial for complex diseases
like leukaemia, where dielectric changes manifest across mul-
tiple spectral regions.

10.3 | Real-Time AI Integration

As summarised in Table 10, conventional biosensor development
typically follows a hardware-first approach, where physical
fabrication precedes data interpretation strategies. The proposed
method inverts this paradigm, adopting an intelligence-first
strategy. Al-assisted classification is integrated into the design
phase, enabling virtual optimisation before fabrication. This re-
duces development time and cost, as multiple structural config-
urations can be tested computationally against a large spectral
dataset before committing to physical production [55, 84].

The incorporation of AI also enables real-time spectral inter-
pretation, a feature rarely implemented in THz biosensors. This
capability allows clinicians to obtain immediate diagnostic
feedback without manual threshold adjustments, improving
workflow efficiency in both laboratory and point-of-care
environments.

10.4 | Quantitative Performance Superiority

The most striking performance advantages are evident in the
numerical benchmarking of Table 11, which compares key

TABLE 9 | Application focus: Early leukaemia detection versus general cancer detection.

Generic cancer

This work (early

Feature biosensors leukaemia focus) Scientific justification

Detection Nonspecific Leukaemia-specific dielectric Leukaemia alters cell membrane and blood plasma
specificity response properties, which shift absorption peaks uniquely in THz
Diagnostic Often late-stage Targeted at early-stage Early-stage detection improves treatment outcomes

stage dramatically

Spectrum use  Partial, empirical

decision

Full-spectrum analytical

Helps identify small biological differences at early stages

TABLE 10 | Additional novelty: Real-time spectral analysis without fabrication.

Traditional biosensor

Criterion development

This work (simulation-
based AI sensor)

Scientific justification

Fabrication stage Required first
optimisation

Real-time Al Rare

interpretation

Novelty highlight Hardware-first Intelligence-first

Postponed after Al-guided

Reduces costs and time; allows dozens of virtual
tests before choosing final structure

Yes (numerically integrated) Enables data-driven decision-making before sensor

production

Pioneers a software-first biosensor design approach
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TABLE 11 | A comparison between the terahertz band study on perfect metamaterials and the recommended biosensor.

Material Frequency
Ref. substrate  operating THz Absorptivity Techniques used Application
[85]  SiO, 7-9.5 0.98 Au/SiO,/Graphene Multi-frequency broadband
and ultra-broadband
[86]  Silicon 1.5-1.7 0.972, 0.991 Gold/silicon dioxide/Gold Biosensor for detecting
dioxide coronaviruses
[83]  SiO, 0.5-2.5 — SiO,/Graphene Breast cancer detection
[88]  SiO, 2-6 0.99 graphene/Au/SiO,/Au Refractive index sensor
[50] Glass 0-0.37 0.998 Glass/InSb/MgF2/InSb Colon Cancer detection
[88] Photonic 1-3 0.97, 0.98, 0.99 bulk Dirac semimetal/ Narrowband perfect absorber
crystal plate photonic crystal/Au
[89]  Dielectric 1-3 0.99, 0.99 Au/dielectric layer/Au Sensor
layer
[90] PET 0-3 0.99, 0.80, 0.95 PET/FSS/UV glue/ Multifunctional tunable
Graphene terahertz
[91]  Teflon 0.7-5 > 0.96 Ton gel/Graphene/Teflon/ Polarisation-sensitive
Gold
[92]  Topas spacer 0.5-4.5 0.99, 0.98, 0.99 graphene/Topas/Au Ultra-broadband absorber
[93] Dielectric 1-2.2 0.99 Au/dielectric Teflon/Au  Sensor
Teflon
This PET 0.5-2 0.85, 0.94, 0.96, 0.996, 0.96, Al/PET/Al Blood cancer, microwave
work 0.95, 0.96, 0.985 imaging and biosensor

sensing metrics across various metamaterial-based biosensors
reported between 2014 and 2023. In this context, the proposed
design achieves:

1. Q-factor: 268.34—over 20x higher than typical values re-
ported for THz biosensors, enabling exceptional frequency
resolution.

2. Euclidean Sensitivity: 355.859564 THz RIU '—orders of
magnitude greater than prior works, indicating superior
separation between healthy and cancerous spectral profiles.

3. FOM (RIU'): 56722.80—substantially higher than the
best-performing literature benchmarks, reflecting unparal-
leled refractive index sensitivity.

These metrics underscore the synergistic impact of the tri-
negative metamaterial design, full-spectrum analysis and Al-
assisted classification pipeline. No previously reported
biosensor achieves this combination of ultra-high spectral res-
olution, whole-spectrum sensitivity and real-time AlI-driven
interpretation for blood cancer detection.

10.5 | Summary of Benchmarking Insights

The benchmarking analysis confirms that the proposed
biosensor not only meets but significantly exceeds the state-of-
the-art in multiple critical dimensions:

1. Detection Specificity: Leukaemia-focused dielectric targeting
outperforms generic cancer biosensors.

2. Diagnostic Stage: Designed for early-stage intervention,
unlike many late-stage-oriented systems.

3. Data Processing: Full-spectrum analytical decision-making
replaces partial-spectrum, peak-based detection.

4. Workflow: Intelligence-first development accelerates opti-
misation and enhances diagnostic speed.

5. Sensitivity Metrics: Record-breaking Q-factor, Euclidean
sensitivity and FOM compared to published works.

These results provide strong evidence that the proposed
biosensor is well-positioned to become a next-generation diag-
nostic platform for early-stage leukaemia, offering both superior
technical performance and practical advantages for clinical
deployment.

11 | Future Perspective

The proposed THz metamaterial biosensor, combined with AI-
driven full-spectrum analysis, demonstrates unprecedented
sensitivity and specificity for early-stage leukaemia detection.
Although simulation-based and preliminary experimental vali-
dations confirm its diagnostic potential, several strategic ad-
vancements can further enhance its clinical impact and broaden
its scope of application.

11.1 | Transition From Simulation to Fabrication

The current design leverages an intelligence-first development
model (Table 9), in which Al-assisted spectral interpretation is
integrated prior to physical fabrication. The next step involves
transitioning to prototype fabrication using advanced litho-
graphic or 3D nano-printing techniques capable of achieving
micron-scale precision. This will enable real-world evaluation of
the biosensor under controlled laboratory conditions and, sub-
sequently, in clinical pilot studies.
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11.2 | Numerical Validation and Mesh
Convergence Studies

Although the present work demonstrates consistent electro-
magnetic behaviour through full-wave simulations and field
distribution analysis, further numerical investigations can
strengthen the validation of the proposed biosensor. Future
work will include narrow-band simulations centred around in-
dividual resonance frequencies to further verify the physical
origin and stability of the observed absorption peaks. Such
analysis will enable the isolation of individual resonance modes
and provide additional confirmation that the spectral responses
arise from intrinsic electromagnetic mechanisms rather than
numerical artefacts.

In addition, systematic mesh convergence studies will be per-
formed using progressively refined mesh configurations and
adaptive local refinement techniques. Attention will be given to
regions exhibiting strong field localisation, including resonator
edges, narrow gaps and discontinuities where electromagnetic
behaviour is highly sensitive to geometrical resolution. The in-
fluence of mesh density on resonance frequency stability, ab-
sorption magnitude, and field confinement characteristics will
also be investigated. These analyses will provide additional
confidence in the numerical robustness and reproducibility of
the proposed biosensor design.

11.3 | Integration Into Portable Diagnostic
Platforms

For practical deployment in healthcare settings, the biosensor
can be embedded into compact, handheld diagnostic platforms
that combine a low-power THz source, integrated metamaterial
sensing chip and embedded AI processor. Such platforms could
be used in point-of-care environments, including outpatient
clinics and remote screening centres, to deliver immediate
diagnostic results without the need for centralised laboratory
infrastructure.

11.4 | Multiplexed Biomarker Detection

Although the present study focuses on leukaemia-specific
dielectric changes, the multiband nature of the metamaterial
absorber enables simultaneous detection of multiple bio-
markers. By functionalising the sensor surface with selective
bio-recognition layers (e.g., antibodies, aptamers), it is possible
to expand detection capabilities to other haematological disor-
ders and cancers. This multiplexed sensing approach could
facilitate comprehensive blood diagnostics from a single sample,
improving efficiency and reducing patient discomfort.

11.5 | Clinical Validation and Regulatory Pathway

Following laboratory validation, clinical trials will be essential
to assess diagnostic accuracy, reproducibility and robustness
under real-world variability, including differences in patient
demographics, blood composition and environmental condi-
tions. Successful trials would pave the way for regulatory
approval under relevant medical device frameworks, enabling
formal adoption in clinical practice.

11.6 | Long-Term Research Directions
Long-term research should focus on:

1. Adaptive AI Models: Developing self-learning algorithms
capable of updating classification thresholds as new patient
data is acquired, ensuring sustained accuracy over time.

2. THz Hardware Optimisation: Exploring low-cost, tunable
THz sources and detectors to reduce system size, cost and
power consumption.

3. Cross-Disease Applications: Applying the same sensing and
Al framework to diagnose other cancers (e.g., breast, cer-
vical, skin) and infectious diseases where dielectric con-
trasts are diagnostically relevant.

11.7 | Vision for Next-Generation Blood
Diagnostics

Ultimately, the integration of high-Q metamaterial sensing, full-
spectrum dielectric analysis, and real-time AI classification
could redefine the standard of care for blood cancer detection.
By enabling rapid, noninvasive, and highly accurate diagnostics
at the earliest stages of disease progression, such systems have
the potential to dramatically improve survival rates, reduce
treatment costs and enhance global access to quality healthcare.

12 | Conclusions

This work has presented the design, simulation and evaluation
of an Al-augmented micron-scale THz metamaterial biosensor
for the early-stage diagnosis of leukaemia. By integrating a tri-
negative (g, u, n) perfect absorber with a multiband spectral
response and coupling it to a full-spectrum, Al-driven diagnostic
framework, the proposed system achieves an unprecedented
combination of sensitivity, specificity, and real-time interpretive
capability. The engineered metamaterial absorber demonstrates
simultaneous negative permittivity, permeability, and refractive
index in targeted THz bands, producing high-Q, narrowband
resonances that amplify interactions between incident THz
waves and biological analytes. This structural and electromag-
netic innovation enables the biosensor to resolve minute
refractive index differences (~0.014 RIU) between normal and
leukaemia-affected blood, as demonstrated in Figures 33-37,
with measurable resonance shifts, increased absorption depths,
and altered E-field/H-field distributions.

Quantitative benchmarking (Table 6) confirms record-setting
values for Q-factor (268.34), Euclidean sensitivity (355.859564
THz RIU '), and FOM (56722.80 RIU-1), surpassing all reported
THz biosensors for cancer detection between 2014 and 2023. The
Al integration, detailed in Sections 7 and 8, leverages both S-
parameter vector analysis and full-spectrum similarity metrics
(MSE, Euclidean distance, correlation) to classify unknown
samples with over 95% simulated accuracy. This automated
approach eliminates manual thresholding, increases adaptability
and enables real-time diagnosis. Comparative analysis with
existing biosensors (Tables 8 and 9) confirms the unique strengths
of this work: leukaemia-specific dielectric targeting, early-stage
detection capability, whole-spectrum decision-making and
intelligence-first development methodology.
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Collectively, these contributions establish a new paradigm in
metamaterial biosensing, moving from static, fabrication-first
devices to dynamic, Al-enhanced platforms that are adaptable,
scalable and clinically relevant. The results suggest a clear
pathway toward noninvasive, label-free, point-of-care di-
agnostics capable of detecting blood cancers at their earliest
stages when treatment outcomes are most favourable. Future
work will focus on transitioning from simulation to fabrication,
integrating the sensor into portable diagnostic units, and con-
ducting clinical trials to validate performance in diverse patient
populations. Given its high sensitivity, specificity and adapt-
ability, the proposed biosensor holds significant promise for
transforming not only leukaemia screening but also broader
haematological and oncological diagnostics.
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