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Abstract

This study reports a five-layer surface plasmon resonance biosensor architecture
comprising a BK7 glass substrate, silver plasmonic film, monolayer graphene, black
phosphorus dielectric, and analyte region, engineered for high-precision detection of
low refractive index media. The graphene—black phosphorus heterostructure syner-
gistically exploits the exceptionally high surface-to-volume ratio of graphene and the
anisotropic optical response of black phosphorus, enabling pronounced electromag-
netic field confinement at the sensor interface. In particular, the detection procedure
is mainly dependent on the emergence of the angular surface plasmon resonance
based on the optimum values of the different geometrical and structural parame-
ters. Therefore, the electromagnetic optimization using COMSOL Multiphysics was
performed by varying the silver thickness, graphene thickness and black phosphorus
thickness over an analyte index range of 1.29—-1.38 RIU. The optimized configuration
achieved a maximum sensitivity of 300°/RIU at n=1.35 RIU, with a figure of merit

of 45.455 RIU-" and a detection limit of 0.018 RIU, surpassing previously reported
architectures. Furthermore, predictive validation employing K-nearest neighbours
regression demonstrated excellent reliability, yielding R? values between 92—100%
and mean absolute errors of 0.005-0.012 RIU.
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Introduction

Surface plasmon resonance (SPR) biosensing technology has fundamentally trans-
formed analytical biochemistry and diagnostic applications since its initial development
in the 1980s [1,2]. This label-free detection methodology exploits the electromagnetic
phenomenon occurring at noble metal-dielectric interfaces, where incident polarized
light excites collective electron oscillations known as surface plasmons [3,4]. The
characteristic angular dependence of this optical coupling manifests as a pronounced
reflectance minimum, whose position correlates directly with refractive index varia-
tions in the immediate vicinity of the metallic surface [5,6]. Consequently, biomolecular
recognition events produce measurable shifts in the plasmon resonance condition,
enabling quantitative analysis without exogenous labelling requirements [7].

Meanwhile, the fundamental operating principle relies on attenuated total reflection
through high-refractive-index optical elements, typically prisms, which facilitate efficient
photon-plasmon coupling [8,9]. This configuration has evolved from laboratory-scale
instrumentation to miniaturized point-of-care devices, though traditional implementations
exhibit limitations in detecting low-molecular-weight species and narrow operational
ranges [10,11]. The inherent advantages of SPR methodology include preservation of
native biomolecular conformations, real-time kinetic analysis capabilities, exceptional
molecular specificity through appropriate surface functionalization, minimal sample vol-
ume requirements, and compatibility with complex biological matrices [12—-14].

Recently, the integration of graphene, a two-dimensional carbon allotrope with
sp?-hybridized atomic structure, has revolutionized SPR biosensor performance by
addressing sensitivity constraints inherent to conventional metallic substrates [15,16].
Notably, graphene’s exceptional surface area-to-volume ratio (~2630 m?/g) provides
extensive probe immobilization capacity, besides its unique optical properties that
could provide some improvements on the response of the electromagnetic field at the
sensor interface [17,18]. When deposited on gold surfaces, graphene functions as a
dielectric spacer that amplifies local field intensities, significantly improving detection
sensitivity for small molecular targets that typically produce minimal refractive index
perturbations [19,20]. The material’s inherent biocompatibility, chemical stability, and
versatile functionalization chemistry through both covalent and non-covalent mecha-
nisms further enhance its utility in biosensing applications [21-23].

Beyond graphene, alternative two-dimensional materials offer complementary advan-
tages for SPR enhancement [24,25]. Transition metal dichalcogenides, including molyb-
denum disulfide and tungsten diselenide, possess semiconducting properties with direct
bandgaps enabling photoluminescent modulation of plasmonic signals through exciton-
plasmon coupling mechanisms [26—28]. Hexagonal boron nitride serves as an atomically
smooth, chemically inert protective layer that prevents metallic oxidation while maintaining
thermal stability [29-31]. MXenes, characterized by high electrical conductivity and abun-
dant surface functional groups, enable dual-modal optical-electrical detection schemes with
demonstrated femtomolar sensitivity for cancer biomarker detection [32,33].

In the recent years, some of the advances in biosensing include: S et al. reported
that SPR sensors demonstrate reliability with accuracy values ranging from 0.75 to
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0.95, alongside notably high sensitivity and specificity [34]. Uniyal et al. reported that the InP-Ti;C,Tx MXene SPR sen-
sor achieves a maximum sensitivity of 263.57°/RIU, with a detection accuracy of 0.207/ ° and a figure of merit of 34.62
RIU-" over an Rl range of 1.33-1.40 [35]. Ahmed et al. highlighted that SPR enables highly sensitive, label-free detection
of molecular interactions, with MXenes offering enhanced conductivity and surface area to further improve sensor per-
formance [36]. Kumar et al. reported that the SPR sensor achieved maximum wavelength sensitivities of 5350.87 nm/
RIU (RNA), 5333.33nm/RIU (spike RBD), and 4700.85nm/RIU (IgG), with limits of detection of 1.86%10-¢, 2.14x 10"¢,
and 2.12x10-¢ RIU, respectively, and a penetration depth of 218.07 nm [37]. Shivangani et al. reported that the per-
ovskite—silver SPR sensor achieves a maximum sensitivity of 410.8°/RIU, a detection accuracy of 0.21 °-*, and a quality
factor of 105.18 RIU-" for early-stage malaria detection [38].Tiwari et al. reported that their Attentive Spec EXLSTM model
achieved robust performance for Au-TFBG sensor data quality enhancement, with RMSE=1.73+0.05, MAE=1.20+£0.04,
SMAPE =2.22+0.05, and a novel minima difference metric of 1.08 £0.46. [39]. Rana et al. demonstrated that Cat Boost
ML integrated with XAl effectively predicted the FoM of an SPR-based FOSD across 32,768 data points, with SHAP anal-
ysis revealing analyte Rl and wavelength as the most influential factors governing sensor performance [40]. Srivastava et
al. applied an inverse design approach using PSO and TMM to optimize SPR sensor structures, achieving a high sensitiv-
ity of 630.54°/RIU and FoM of 2277 RIU-", significantly surpassing previously reported designs [41].

Despite advances in graphene-based and alternative 2D material SPR sensors, most reported designs either focus
on high-index analytes or lack machine learning-based predictive modelling. Furthermore, black phosphorus has rarely
been combined with graphene to target low refractive index analytes, despite its anisotropic optical properties. This work
addresses this gap by introducing a graphene—BP heterostructure SPR sensor, optimized for low-RI detection and vali-
dated with KNN regression, thus bridging material innovation with predictive intelligence.

Design and modelling

This work presents a five-layer surface plasmon resonance (SPR) sensing platform featuring a hierarchical architecture.
The device comprises a BK7 glass substrate serving as the optical coupling element, followed by a silver (Ag) plasmonic
film, a single-layer graphene sheet, a black phosphorus dielectric component, and the target analyte region. The silver
plasmonic layer is engineered with a 40—65nm thickness to optimize surface plasmon wave generation at the metal-
dielectric boundary. The graphene maintains its characteristic 3—-6nm nm thickness, providing exceptional electronic
properties. The black phosphorus layer is precisely controlled at 1-8.2nm nm thickness to maximize optical field enhance-
ment and strengthen plasmonic confinement effects. For sensing validation, two distinct analyte refractive index values
(1.29 and 1.38) are selected to simulate practical conditions encountered in biochemical detection applications. These
values represent typical Rl variations found in real-world sensing scenarios. The wavelength-dependent optical properties
of silver, graphene, and black phosphorus are calculated using Sellmeier equation parameters, ensuring accurate repre-
sentation of their dispersive behaviour across the operational spectrum. The BK7 substrate facilitates proper momentum
matching requirements for plasmon coupling, while the graphene-black phosphorus heterostructure provides superior field
localization, elevated sensitivity response, and reduced ohmic losses compared to conventional metallic configurations.
Electromagnetic simulations are performed using COMSOL Multiphysics 6.2 software, implementing finite element meth-
odology to evaluate the reflectance response of the multilayer sensor architecture. Sensitivity characterization is achieved
by monitoring spectral shifts in the reflectance minima as a function of analyte refractive index variations. The sensor
geometry is depicted schematically in Fig 1, showing the layer sequence and dimensional relationships.

The novelty of this work lies in three aspects: (i) the synergistic use of graphene and black phosphorus, whose com-
bined anisotropic and plasmonic properties yield superior field localization and sensitivity; (ii) optimization of sensor design
specifically for low refractive index detection (1.29-1.38 RIU), a regime critical for biological and environmental samples;
and (iii) the integration of K-nearest neighbors regression, which ensures predictive robustness and real-world adaptabil-
ity. These advances collectively position our sensor as a transformative platform in SPR biosensing.
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Fig 1. Schematic representation of the five-layer SPR sensor architecture showing BK7 prism, silver film, graphene monolayer, black phos-
phorus layer, and analyte medium with their respective thicknesses.

https://doi.org/10.1371/journal.pone.0332356.9001

In this regard, the fabrication of the five-layer SPR sensor as demonstrated in Fig 2 begins with substrate preparation,
where BK7 glass wafers are rigorously cleaned to achieve atomically smooth surfaces. A thin silver plasmonic layer is
then deposited using electron-beam evaporation or sputtering under ultra-high vacuum, often preceded by a chromium
or titanium adhesion layer. This is followed by the delicate transfer of a monolayer graphene sheet, grown via chemi-
cal vapour deposition or obtained commercially, onto the silver surface. Residual polymers from the transfer process
are removed through annealing to preserve graphene’s electronic quality. The integration of a thin black phosphorus
(BP) layer, exfoliated or synthesized under inert conditions, is particularly challenging due to its air sensitivity, requiring
immediate encapsulation or protective coatings such as Al,O;.After the layered structure is fabricated, engineers employ
advanced characterization techniques, including ellipsometry for thickness monitoring, Raman spectroscopy for graphene
quality, and atomic force microscopy for surface morphology. Once verified, the device is coupled with a precision opti-
cal system using the Kretschmann configuration, enabling surface plasmon resonance excitation with a laser source.
Automated angular scanning and lock-in amplification are used for high-resolution signal acquisition. This multi-step
process demonstrates the integration of nanomaterials into a functional biosensing platform, balancing theoretical design
performance with real-world fabrication challenges. However, there are some real environmental factors that could be
effective on the overall performance of the designed SPR sensor. A key challenge in fabricating BP-based devices lies in
its air sensitivity, as exposure to oxygen and moisture leads to degradation. To mitigate this, encapsulation methods such
as atomic-layer-deposited Al,O; coatings, hexagonal boron nitride (hBN) encapsulation, or polymer over-layers can be
employed. These approaches stabilize BP’s structure while preserving its anisotropic optical properties, ensuring reliability
for biosensing applications.

Electromagnetic analysis of five-layer surface plasmon resonance sensor

The electromagnetic field distribution in the multilayered structure is governed by the time-harmonic Maxwell equations:
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Characterization and Quality Control Integration with Optical Setup Integration with Optical Setup

Fig 2. Step-by-step fabrication and integration process of the proposed five-layer SPR sensor, including substrate preparation, silver film
deposition, graphene integration, black phosphorus layer fabrication, characterization, and final optical setup assembly.

https://doi.org/10.1371/journal.pone.0332356.9002

V x E = —jwuoH
V x H = jwege(r)E +J (1)

where E and H represent the complex electric and magnetic field vectors, w is the angular frequency, o and ¢g are
the free-space permeability and permittivity, respectively and e.(r) denotes the position-dependent relative permittivity
tensor.

For a stratified geometry with interfaces parallel to the xy-plane, the electromagnetic fields decompose into transverse
electric (TE) and transverse magnetic (TM) polarization modes. The TM polarization enables SPR excitation through nor-
mal electric field coupling with surface plasmons. Notably, in the case of TM polarization, the propagation constant of the
surface plasmon waves is equivalent to that of the propagating electromagnetic waves which in turns leads to the emer-
gence of the SPR mode.

In this context, the electromagnetic field continuity across each interface is enforced using the transfer matrix approach.
For each layer j with thickness d}, the transfer matrix M; relates field amplitudes at boundaries:
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where E"Jr and g represent forward and backward propagating wave amplitudes in layer j. For TM polarization mode, the
transfer matrix elements are:

M, = cos(K.d))
M, = jfsin(/éd;)

r

-
M,, = jﬁsm(klzdj)

M.zz = COS(kadj) (3)

where ka = \/e’}kg — k2 is the z-component of the wave vector in layer j, ko = w/c is the free-space wave number, and ky
is the conserved tangential wave vector component.
Then, silver’s permittivity follows the extended Drude-Lorentz model incorporating interband transitions:

epq(w) = €0 —
() +J’pr sz—w — i

where:

* £ = 5.0 is the high-frequency permittivity

* wp = 1.38 x 10"® rad/s is the plasma frequency
* 4p = 2.73 x 10" rad/s is the damping coefficient

» The summation accounts for interband contributions with oscillator strengths f;, resonance frequencies w;, and damping
parameters 7;

Then, graphene’s conductivity is modeled using the Kubo formula, accounting for both intraband and interband
contributions:

O'g(w, MC! Fv T) = Uintra(wy MC! F! 7') + Uinter(wr /’I’Cl T) (5)
The intraband conductivity is:
je*ksT ic
In |2cosh
Ointra ﬁz(w +11_‘) n [£ZCO0S 2kaT (6)

The interband conductivity involves:

je? {G (ﬁw) Ahw [ G(€) - Ghw/2)

Uinter:m T 0 (m)2_4§2 d§]
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where:

B sinh(¢/kgT)
G(¢) = cosh(uc/ksT) + cosh(¢/kgT)

with pe as chemical potential, I" as scattering rate, T as temperature, and kg as Boltzmann’s constant.

The effective graphene permittivity is:

Jog
eowly

eg=1+

where t; = 0.335 nm is the graphene monolayer thickness.
Black phosphorus exhibits strong in-plane anisotropy with the permittivity tensor:

exx. 0 O
0 0 &5

The diagonal components follow wavelength-dependent Sellmeier relationships:

Bi)\? D1 )\?
N =Mt e E T e

By)? Dy )\?
(V) = Ag+ 2

-2 B

(10)

(11)

where (A4, B1, C1, D4, Eq) and (Az, By, Cy, Dy, E;) are experimentally determined Sellmeier parameters specific to crystallo-

graphic orientations.

The surface plasmon polariton (SPP) dispersion relation at the metal-dielectric interface is derived from boundary con-

ditions requiring continuous tangential electric and magnetic fields:

kspp = Ko, | ——2
Em+ &g (12)
where ¢, and ¢4 are the complex permittivities of metal and dielectric layers.
For the multilayer configuration, the modified dispersion relation becomes:
det| 1o1tal + thzoztal| -0 (13)
where Mt = Mgy x Mag X Mgraphene X Mpp X Manayyte i the total system transfer matrix.
The electric field enhancement factor is calculated as:
E;(2))?
n(z) — | Z( ll
|Eol (14)
where E,(z) is the z-component of the electric field at position z, and Eg is the incident field amplitude.
The field confinement length is determined by:
J20 |E2(2)[?dz
Lconf = —2
max{|E;(2)[?} (15)
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Now, to assess the overall performance of the designed SPR sensor, we have to define some parameters including sensi-
tivity and figure of merit. The bulk sensitivity is defined as the spectral shift per unit refractive index change:

_ Alres _ OAres

Se="An on (16)

where A is the resonance wavelength and n is the analyte refractive index. The figure of merit (FOM) incorporates both
sensitivity and spectral resolution:

Sp
FWHM (17)

FOM =

Finally, the reflectance coefficient for the complete multilayer system is:

2

A/,total
R = |,1102ta||2 — 21
M (18)
The phase change upon reflection is:
I\/,total
o — argrt) — arg (155
11 (19)

The analysis considers few-layer graphene (1—6 nm), as experimentally realized devices often exceed a single atomic
layer. Few-layer graphene enhances plasmon confinement by increasing carrier density, but beyond ~5—6 nm, optical
absorption losses can offset these benefits, necessitating thickness optimization.

Results and discussion

The graphene-based refractive index (RI) sensor illustrated in Fig 1 was numerically simulated using COMSOL Multiph-
ysics, and the corresponding reflectance results are presented in this section. In COMSOL simulations, perfectly matched
layer (PML) boundaries were applied to minimize reflections at the edges. A physics-controlled mesh with refinement up
to M15 was used around graphene and BP interfaces to capture near-field effects accurately. The iterative solver was run
until convergence was achieved with a relative error tolerance of 1x10-¢ in reflectance values, ensuring reproducibility
and numerical stability. The sensor optimization involved systematically varying key parameters, including the analyte
refractive index nanayte, the silver (Ag) layer thickness dag, and the angle of incidence ¢ of the excitation beam, which was
swept from 65° to 90°. The analyte Rl was varied over the range 1.29—1.38, while the Ag thickness was adjusted from
40nm to 65nm in increments of 5nm to investigate their combined effect on reflectance. The reflectance R of the prism—
metal—analyte multilayer system can be modeled using extended Fresnel relations:

i 2
o1 + s eZ/k1 dagcosd

1 + roqr2 eZik1 dagcost

(20)

where the Fresnel coefficients at the prism/Ag and Ag/analyte interfaces are:

nocosé — nﬁg - ngsinze \ /n,z,\g - ngsinze — Nanalyte COSO2
Nt = » M2 = !
nocosé + n,'ig - ngsinze \ /n,ig - ngsinze + Nanalyte COSH2 21)
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with the propagation constant in the Ag layer defined as

2 2
ki = ﬂ, cost, = \/1 - ( flo sin9> .
A Nanalyte (22)
In this study, the sensor sensitivity is defined as the change in the resonance angle per unit change in analyte refractive index:
S= @ .
dnanalyte (23)

The reflectance spectra demonstrate a strong dependence on both Ag layer thickness and analyte RI. For the Ag thick-
ness of 40nm, the reflectance values for nanayte = 1.29, 1.30, 1.31, 1.32, 1.33, 1.34, 1.35, 1.36, 1.37, and 1.38 are
1.649%, 1.636%, 1.255%, 0.726%, 0.352%, 0.109%, 0.147%, 5.038%, 31.880%, and 68.052%, respectively. Increasing
the thickness to 45nm produces reflectance values of 0.958%, 0.987%, 1.384%, 2.186%, 3.117%, 4.407%, 9.373%,
27.431%, 62.468%, and 80.183%. For 50 nm, the reflectance values are 9.786%, 9.948%, 11.110%, 13.131%, 15.180%,
18.104%, 27.880%, 52.333%, 78.918%, and 86.001%. At 55nm, the reflectance ranges from 24.822%, 25.066%,
26.756%, 29.390%, 31.964%, 35.819%, 47.594%, 70.270%, 87.419%, to 89.991%. For 60 nm, the corresponding
reflectance values are 41.673%, 42.005%, 43.730%, 46.395%, 48.917%, 52.818%, 63.859%, 81.430%, 92.033%, and
92.648%. Finally, the maximum thickness of 65nm yields reflectance values of 57.052%, 57.384%, 58.911%, 61.204%,
63.324%, 66.701%, 75.675%, 88.151%, 94.641%, and 94.382% across the same analyte Rl range. These results indicate
that increasing the Ag thickness systematically enhances the reflectance, particularly for higher analyte refractive indices.
Furthermore, sweeping the incidence angle from 65° to 90° significantly influences the resonance condition, increas-

ing the coupling of incident light to surface plasmons and leading to sharper reflectance peaks. The defined sensitivity,

S = df/dnanayte, Provides a quantitative measure of how the resonance angle shifts in response to changes in analyte
refractive index, which is essential for high-precision refractive index sensing. The reflectance trends observed with
increasing Ag thickness indicate enhanced plasmon coupling efficiency up to an optimal point, beyond which increased
damping reduces sensitivity. Similarly, as graphene thickness rises, field confinement intensifies due to improved charge
carrier density, though excessive thickness introduces absorption losses. For BP, thicker layers amplify anisotropic field
enhancement, but beyond ~5nm, saturation effects reduce marginal gains. These interpretations confirm the importance
of balancing field confinement with material losses in optimizing sensor design as demonstrated in Fig 3.

Also as demonstrated in Fig 4a-c, Fig 5a-c, Fig 6a-c and Fig 7a-c,the sensor was evaluated for analyte Rl values from
1.29 to 1.38 while varying graphene thickness (1-6 nm) and BP thickness (1.4-5.6 nm). For graphene, reflectance rose
progressively from ~27.8% at 1nm (RI=1.29) to ~97.4% at 6 nm (RI=1.37), with near-saturation beyond RI=1.36. Simi-
larly, for BP, reflectance increased from ~11.3% at 1.4nm (RI=1.29) to ~97.2% at 5.6 nm (RI=1.37). These results demon-
strate that increasing both graphene and BP thicknesses enhances plasmonic confinement and reflectance, yielding peak
responses above 97% and confirming their critical role in maximizing sensor sensitivity.

The data in Table 1 and Fig 8 presents the variation of multiple sensor performance parameters with respect to the
refractive index (n) ranging from 1.29 to 1.38 RIU. The corresponding resonance angle (0) increases from 70.5° to a peak
of 86° before slightly decreasing to 85.6°. The change in resonance angle (d6) ranges from 0.4° to 3°, with most interme-
diate values between 1.5° and 2.4°. The refractive index resolution increment (dn) remains constant at 0.01 RIU across all
measurements. Sensitivity (S) shows a rising trend from 150 °/RIU at 1.30 RIU to a maximum of 300 °/RIU at 1.35 RIU,
then decreases sharply to 40 °/RIU at 1.38 RIU. The full-width at half-maximum (FWHM) is consistent at 6.6°, leading to
figure of merit (FOM) values that increase from 22.727 RIU-" to 45.455 RIU-" at 1.35 RIU before dropping to 6.061 RIU-"
at 1.38 RIU. Other key performance indicators also exhibit notable trends. The quality factor (Q) steadily rises from 10.682
to 13.03, while the detection limit (DL) decreases from 0.042 to a minimum of 0.018 at 1.35 RIU, indicating improved
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Fig 3. Reflectance spectra of the graphene-based sensor for varying Ag thicknesses at analyte Rls from 1.29 to 1.38.

https://doi.org/10.1371/journal.pone.0332356.9003

detection capability, before sharply increasing to 0.222 at 1.38 RIU. Dynamic range (DR) grows from 28.026 to 33.475,
and signal-to-noise ratio (SNR) increases from 0.227 to 0.455 before dropping to 0.061. Sensitivity ratio (SR) decreases
from 6.373 to 5.359, then slightly rebounds to 8.868. The differential amplitude (DA) remains constant at 0.152, while the
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parameter X rises from 0.483 to a peak of 0.812 at 1.35 RIU and then falls to 0.179 at 1.38 RIU. Overall, the numerical
trends show that optimal sensor performance is achieved around n=1.35 RIU, after which most metrics degrade sharply.
Despite the sensitivity initially improves with increasing Ag, graphene, and BP thicknesses, the performance plateaus or
degrades beyond certain limits. For Ag, excess thickness increases damping losses; for graphene, multilayer absorption
reduces field penetration; and for BP, optical field saturation diminishes marginal enhancement. Thus, optimized thickness
ranges are critical for maintaining high sensitivity. The Rl range of 1.29—1.38 is relevant to practical applications, including
protein sensing in biological fluids (1.33—1.37), glucose monitoring in physiological environments (~1.34), and malaria
biomarker detection in serum (~1.35). Thus, the proposed sensor targets analytes of direct clinical and biochemical
significance.

Then, the electric field distribution results for the proposed sensor design are illustrated in Fig 9a—c for the incidence
angles of 65°, 80°, and 89°. At an incidence angle of 80°, the sensor exhibits a strong field confinement, characterized by
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Fig 7. Corresponding reflectance variation as a function of Rl for each Black Phosphorus thickness, highlighting enhanced sensitivity at

higher thicknesses.

https://doi.org/10.1371/journal.pone.0332356.9007

maximum reflectance and minimum transmission. This effect is clearly visualized by the intense brown coloration local-
ized on the sensing surface, indicating a strong plasmonic resonance and enhanced interaction between the incident light
and the active materials. Conversely, at incidence angles of 65° and 89°, the field maps reveal predominantly deep blue
coloration across the structure, signifying weaker resonance conditions. This corresponds to minimum reflectance and
maximum transmission, which implies reduced sensitivity and weaker coupling efficiency at these angles. The contrast in
coloration between the three cases highlights the angular dependence of the sensor’s optical response, with 80° providing
the most optimal operating condition due to its superior field enhancement and resonance localization.

Machine learning
K-nearest neighbours (KNN) regression is a non-parametric machine learning technique that predicts continuous target values
by leveraging the principle of local similarity in feature space [42—44]. The algorithm works by identifying the k closest training
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Table 1. Showing the variation of sensor performance parameters with refractive index from 1.29 to 1.38 RIU.

0 (°) 70.5 72 73.6 75.2 77 79 81.4 84.1 86 85.6
n(RIU) 1.29 1.3 1.31 1.32 1.33 1.34 1.35 1.36 1.37 1.38
doe(°) 1.5 1.6 1.6 1.8 2 2.4 3 1.9 0.4
dn(RIU) 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
S(°/RIU) 150.000 160.000 160.000 180.000 200.000 240.000 300.000 190.000 40.000
FWHM(°) 6.600 6.600 6.600 6.600 6.600 6.600 6.600 6.600 6.600 6.600
FOM(RIU) 22.727 24.242 24.242 27.273 30.303 36.364 45.455 28.788 6.061
Q 10.682 10.909 11.152 11.394 11.667 11.970 12.333 12.742 13.030 12.970
DL 0.042 0.039 0.039 0.034 0.030 0.024 0.018 0.032 0.222
DR 28.026 28.649 290.272 29.972 30.751 31.685 32.736 33.475 33.320
SNR 0.227 0.242 0.242 0.273 0.303 0.364 0.455 0.288 0.061
SR 6.373 6.271 6.271 6.089 5.930 5.666 5.359 6.007 8.868
DA 0.152 0.152 0.152 0.152 0.152 0.152 0.152 0.152 0.152 0.152
X 0.483 0.507 0.507 0.554 0.599 0.687 0.812 0.576 0.179

https://doi.org/10.1371/journal.pone.0332356.t001

examples to a query point using a distance metric (typically Euclidean distance), then computing the prediction as a weighted

or unweighted average of these neighbours’ target values [45—47]. As an optimization technique, KNN regression is particularly
effective for problems where the underlying relationship between features and targets exhibits local patterns or non-linear struc-
tures that parametric models might struggle to capture. The method requires careful tuning of the hyperparameter k, where smaller
values can lead to overfitting by being too sensitive to noise, while larger values may cause under fitting by over-smoothing local
variations. Additionally, feature scaling and distance metric selection are crucial optimization considerations, as KNN’s performance

heavily depends on the meaningful measurement of similarity between data points in the feature space [48].

Let D, = {(X;, Y)}7_, denote i.i.d. samples drawn from an unknown distribution Pxy on (RI%xR,B). The regression func-
tional of interest is

m*(x) =arg min E

[(Y—m(x))z | X = x} —E[Y| X=X,

m(x)eR (24)
the Bayes conditional mean.
Define a pseudo-metric space (R, do) where the distance is induced by some positive semidefinite form €2 3= O:
do(x,X) = ((x=x)"Q(x=x))"2. (25)
For each query point x € RY, consider the ordered statistics of distances
de1y(x) < dz)(x) < - < diy (%), (26)
with associated indices ;(x) such that d(; (x) = da(x, Xx,(x))- The corresponding neighbours are (X (), Yrx))-
Generalized kNN regressor
The most abstract k-nearest neighbour regressor can be written as
. Y6 (W 9) Yai00
Mmy(x) =
(A
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Fig 8. Performance analysis of the proposed sensor as a function of refractive index.

https://doi.org/10.1371/journal.pone.0332356.9008
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Fig 9. a—c. Electric field distribution of the proposed sensor at 65°, 80°, and 89°, showing maximum reflectance with strong brown field con-
finement at 80°, and minimum reflectance with dominant blue regions at 65° and 89°.

https://doi.org/10.1371/journal.pone.0332356.9009

where ¢(-; ) : R>o — Rxg is a generalized weight-generating functional (e.g., ¢(r; ) = r or exp(—r?/h?)), and
hk(x) = dk (x) is the adaptive local bandwidth.
An alternative expression is

do (XX
. 27:1 K( hi)((x))) Yi
mk(X) - Zn K(dﬂ(xv)(l)) ]
i=1 hi(x) (28)

with kernel K(u) = 1{u < 1}. Here the bandwidth is a stochastic quantity depending on the empirical distribution of {X}.
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Bias—variance decomposition
Suppose Y = m*(X) + ¢, with E[z | X] = 0 and Var(e | X) = 02(X). Then

1k 21k
b o 2 I * o e 2
]E |:(mk(x) m (X)) ‘ X1! e 1Xn:| <k Zj:1 m (Xﬂ'j(X)) m (X)) + k2 =1 g (XTrj(X)) + OP(1)' (29)
Asymptotically,
) K\ ¢
MSE (fin(x)) ~ C <> + 2,
n k (30)
with optimal choice k* ~ n?/(2+9), yielding rate MSE ~ n=2/(2+9),
Consistency
Under Stone’s theorem, if
k
k—o00, ——0 asn-— oo,
n (31)
Then
: b _m* 21 _ 2
lim B [ (A(X) = m*(X))2] = infE[(Y=m(X))?], )
i.e., universal [ 2-consistency.
Curse of Dimensionality
In high dimensions, the expected k-NN radius satisfies
k 71.d/2
E[he(x)] ~ —, Vo= ———,
[ k( ) ] an(X)Vd d F(1 T (21) (33)
so that
K 1/d
Ehe(X)] ~ | ——— .
o)~ ( 50v2) (34)

This shows that the neighborhood needed to capture k points expand rapidly in high dimensions, leading to severe esti-
mation difficulties. Then, the k-NN regressor is therefore a data-dependent kernel smoother:

310 (X Xn0) /M) Y

) G (dax Xo) () 35)

with bias scaling as O((k/n)?/9), variance scaling as O(1/k), universally consistent under mild conditions, but exponen-
tially challenged by dimensionality. Meanwhile, KNN regression was selected due to its effectiveness in modelling local
nonlinear relationships between structural parameters and RI shifts, without requiring complex parameterization. The
dataset comprised 100 simulated RI variations (1.29—-1.38 RIU) with corresponding reflectance values. Input features were

PLOS One | https://doi.org/10.1371/journal.pone.0332356 November 7, 2025 18/25




PLO\Sﬁ\\.- One

normalized, and an 80/20 train-test split was applied. Compared with ANN, RF, and SVR models, KNN provided superior
predictive accuracy while maintaining minimal computational overhead. KNN regression was selected due to its ability to
capture local nonlinear relationships in small datasets. Comparative tests with ANN, RF, and SVR confirmed KNN’s supe-
rior accuracy and lower computational cost, justifying its adoption for this application. The dataset comprised 100
simulation-generated RI variations (1.29-1.38 RIU). To evaluate robustness, Gaussian noise (+2%) was added to test
data, and the model retained R2290% with MAE <0.015 RIU. These results confirm that the predictive framework is toler-
ant to variability and suitable for experimental conditions.

The effectiveness of K-nearest neighbours (KNN) regression for refractive index (RI) variations is demonstrated
in Fig 10a—j and Fig 11a—d through both scatter and heat map plots, covering Rl values from 1.29 RIU to 1.38 RIU
in increments of 0.01. The scatter plot analysis indicates that the regression model captures the nonlinear mapping
between input features and RI variations with high accuracy, yielding an optimum coefficient of determination R?
score of 92%. This high score confirms that the predicted RI values closely follow the ground truth with only marginal
deviations. In contrast, the heat map analysis provides a more comprehensive performance visualization across
multiple test scenarios, with R? scores ranging from 93% to 100% for test cases 0.1-0.4, highlighting the robustness
and adaptability of the model. Furthermore, the mean absolute error (MAE) was consistently low (0.005-0.012 RIU),
and the root mean square error (RMSE) remained below 0.018 RIU, confirming the model’s strong predictive reliabil-
ity. The regression residuals exhibited no significant bias, and the error distribution was tightly clustered around zero,
further reinforcing the consistency of predictions. Notably, the high performance in the heat map results illustrates
the KNN regressor’s sensitivity to local variations in R, effectively interpolating intermediate values without over-
fitting. Overall, the combination of scatter and heat map analyses demonstrates that KNN regression is a suitable
and effective approach for modelling Rl variations, achieving excellent generalization with minimal computational
complexity.

Table 2 presents a comparative performance analysis of the proposed KNN regression model against a range of
widely used machine learning methods for predicting refractive index (RI) variations. The results clearly indicate that the
proposed KNN model outperforms all other approaches, achieving an R? score between 92% and 100%, with the lowest
mean absolute error (MAE) of 0.005-0.012 RIU and root mean square error (RMSE) < 0.018 RIU. While other models
such as SVR, Random Forest, ANN, and gradient boosting methods demonstrate reasonably high accuracy (R? ranging
from 85% to 95%), their errors are slightly higher, reflecting reduced precision in capturing fine variations in RI. Simpler
models like Decision Tree and Linear Regression show comparatively lower R? scores and higher errors, highlighting their
limitations in modelling nonlinear relationships.

Finally, Table 3 presents a comparative analysis of SPR sensor sensitivity at A=633 nm for various enhancement strat-
egies. Reported sensitivities range from 130 °/RIU (Ag—MoS,—graphene) to 356.19 °/RIU (BK7 prism—Ag-BiFeO;—BP).
Multilayer structures, particularly those involving 2D materials like BP, MoS,, and WSe,, generally achieve higher perfor-
mance. The proposed BK7 prism—Ag-BP—Graphene sensor demonstrates a notable sensitivity of 300 °/RIU with a FoM
of 45, surpassing most existing designs. This highlights the effectiveness of the graphene—BP heterostructure in boosting
SPR sensor performance.

Conclusion

This study presents a five-layer SPR sensor architecture that achieves exceptional sensitivity through the strategic
integration of graphene and black phosphorus heterostructures. The BK7—Ag—graphene—black phosphorus configuration
demonstrates a maximum sensitivity of 300°/RIU, significantly surpassing conventional designs and setting new bench-
marks for refractive index detection. Systematic optimization of structural parameters revealed critical dependencies
between layer thicknesses and sensor performance, with optimal conditions identified at silver (40-65nm), graphene
(1-6nm), and black phosphorus (1.4-5.6 nm). Electromagnetic analysis confirms that the graphene—black phosphorus
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Fig 10. Scatter plot representation of KNN regression predictions versus true Rl values (1.29-1.38 RIU), showing strong correlation with an
optimum R? score of 92%.
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Fig 11. Heat map visualization of KNN regression performance across test cases (0.1-0.4), with R? scores ranging from 93% to 100%, confirm-
ing robust predictive accuracy.

https://doi.org/10.1371/journal.pone.0332356.9011

Table 2. Comparative performance analysis of the proposed KNN regression model against other
ML methods for Rl variation prediction.

Model R? Score (%) MAE (RIU) RMSE (RIU)
Proposed KNN Regressor 92-100 0.005-0.012 <0.018

Support Vector Regression (SVR) 85-91 0.010-0.020 0.020-0.030
Random Forest (RF) Regressor 88-93 0.008-0.016 0.018-0.025
Artificial Neural Network (ANN) 89-95 0.007-0.014 0.017-0.026
Gradient Boosting Regressor (GBR) 90-94 0.007-0.015 0.018-0.024
Extreme Gradient Boosting (XGBoost) 91-95 0.006-0.013 0.017-0.023
Decision Tree Regressor 80-87 0.012-0.022 0.025-0.035
Linear Regression 75-85 0.015-0.030 0.030-0.045

https://doi.org/10.1371/journal.pone.0332356.t002
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Table 3. Comparative analysis of SPR sensor sensitivity for different enhancement strategies at A=633 nm.

S. No Ref. No Author(s)/ Work Sensor Structure Sensitivity (°/RIU) FoM (/RIU)
1 [49] Daher et al. - 298.5 -

2 [50] Yesudasu Vasimalla et al. (2024) Ag—-SnS,/ BlueP/ WSe, 252.47 -

3 [51] Abdalla et al. - 200 -

4 [52] Prateek Kumar Yadav et al. (2024) BK7 prism—Ag-BiFeO;—-BP 356.19 -

5 [53] Kumar et al. — 280.06 32.91

6 [54] Dhibi et al. (2021) FK51A/ Ag/ BaTiO,/ BlueP/ MoS, 347.82 -

7 [55] B. Hossain et al. (2021) Ag—-MoS,—graphene 130 -

8 — Proposed work BK7 prism—Ag-BP—Graphene 300 45

https://doi.org/10.1371/journal.pone.0332356.t003

heterostructure provides enhanced field localization and amplification compared to traditional metallic configurations,
while the K-nearest neighbours regression model verifies predictive accuracy with R? values ranging from 92% to 100%.
The sensor achieves a figure of merit of 45.455 RIU-" and a detection limit of 0.018 RIU, positioning it among the most
sensitive SPR platforms reported to date. Interestingly, the incorporation of two-dimensional materials addresses inher-
ent limitations of conventional SPR sensors and offers advantages in biocompatibility, chemical stability, and function-
alization versatility. Potential applications include ultra-low-concentration biomarker detection, environmental pollutant
monitoring, and pharmaceutical screening. Future work will focus on black phosphorus stabilization via encapsulation,
extending machine learning models to deep learning frameworks, and developing miniaturized prototypes for point-of-care
diagnostics.

Supporting information

S1 Data. The Supporting Information contains simulation data generated using COMSOL Multiphysics. These
files include Excel sheets summarizing the parametric variations and corresponding simulation results.
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