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Transfer Learning Empowered Multiple-Indicator
Optimization Design for Terahertz Quasi-Bound State in the
Continuum Biosensors

Shengfeng Wang, Bingwei Liu, Xu Wu, Zuanming Jin, Yiming Zhu,* Linjie Zhang,*
and Yan Peng*

Terahertz metasurface biosensors based on the quasi-bound state in the
continuum (QBIC) offer label-free, rapid, and ultrasensitive biomedical
detection. Recent advances in deep learning facilitate efficient, fast, and
customized design of such metasurfaces. However, prior approaches
primarily establish one-to-one mappings between structure and optical
response, neglecting the trade-offs among key performance indicators. This
study proposes a pioneering method leveraging transfer learning to optimize
multiple indicators in metasurface biosensor design. For the first time,
multiple-indicator comprehensive optimization of the quality (Q) factor, figure
of merit (FoM), and effective sensing area (ESA) is achieved. The two-stage
transfer learning method pre-trains on low-dimensional datasets to extract
shared features, followed by fine-tuning on complex, high-dimensional tasks.
By adopting frequency shift as a unified criterion, the contribution ratios of
these indicators are quantified as 26.09% for the Q factor, 48.42% for FoM,
and 25.49% for ESA. Compared to conventional deep-learning approaches,
the proposed method reduces data requirements by 50%. The biosensor
designed using this method detects the biomarker homocysteine, achieving
detection at the ng µL−1 level, with experimental results closely matching
theoretical predictions. This work establishes a novel paradigm for
metasurface biosensor design, paving the way for transformative advances in
trace biological detection.
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1. Introduction

Terahertz waves (0.1–10.0 THz) have
demonstrated significant potential in
the biomedical field due to their unique
non-ionizing properties, high penetration
capability, and sensitivity to molecular
vibrational modes.[1–5] Especially in trace
molecular detection, metasurface-based
biosensors have become ideal detection
platforms due to advantages such as
label-free detection, fast response, and
high sensitivity. Composed of artificial
subwavelength-scale structural units in
two dimensions, metasurfaces greatly
strengthen light-matter interactions by pre-
cisely controlling the phase, amplitude, and
polarization of electromagnetic waves.[6–13]

Metasurface devices, especially those based
on the quasi-bound state in the contin-
uum (QBIC) mechanism, can achieve
ultra-high quality (Q) factor resonance,
enabling strong electromagnetic energy
confinement within the structure.[14–21]

This significantly enhances the signal
response of the sample, offering a means
to overcome the detection limits for trace

biological molecules. Currently, the terahertz metasurface
biosensor (meta-biosensor) has been widely applied to thecells,
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proteins, and viruses, among others.[22–29] However, as related
research progresses, several critical issues in the sensor design
process still need to be addressed.
Traditional metasurface design methods typically rely on com-

plex electromagnetic simulations and finite element methods.
These methods search for optimal solutions through extensive
parameter sweeps, resulting in high computational costs and
extended design cycles.[30–32] With the rapid development of
machine learning technology,[33–41] deep learning-based design
methods have been proposed to predict the mapping relation-
ships between sensor structures and spectral responses, signif-
icantly improving design efficiency.[42–49] Integrating deep learn-
ing with physics inmetasurface design has also been proposed as
an effective approach to enhance the performance of deep learn-
ing models.[50,51] However, the operation of deep learning mod-
els typically relies on large, high-quality datasets that are time-
consuming to acquire and rigorously validate.[52–54] In particular,
as research variables expand from a single parameter to multi-
ple parameters, the dataset size required for deep learning grows
exponentially. This not only exacerbates the challenges of data ac-
quisition and validation but also directly constrains the efficiency
of deep learning-based design. To enhance model performance
under data-limited conditions, transfer learning has been pro-
posed and shown to be highly effective.[55–57] By transferring the
knowledge from pre-trained models to new tasks, transfer learn-
ing canmaintain themodeling capabilities of deep learningwhile
significantly reducing data dependencies.[58–61] However, in the
design of terahertzmeta-biosensors, transfer learning has not yet
been effectively applied due to an incomplete parameter evalua-
tion system.
Current meta-biosensor designs focus on optimizing a single

performance indicator, such as the Q factor,[62–64] figure of merit
(FoM),[65,66] or effective sensor area (ESA).[67] However, in prac-
tical biosensing, the overall performance of the biosensor is not
determined by a single indicator, but by the combined effect of
multiple performance indicators. This presents significant tech-
nical challenges in the optimization design of meta-biosensors.
Firstly, complex nonlinear coupling relationships exist between
different performance indicators. Optimizing one indicator in
isolation can inadvertently diminish others. For example, exces-
sive Q factor enhancement may lead to reductions in both FoM
and ESA, thus reducing the overall sensitivity of the sensor. This
nonlinear coupling between multiple objectives requires balanc-
ing the interactions among all relevant indicators, aiming for a
global optimum rather than merely maximizing a single indica-
tor. Furthermore, the structural design of biosensors typically in-
volvesmultiple geometric parameters, and the number of param-
eter combinations increases exponentially with each additional
variable, which significantly increases the complexity of multi-
indicator optimization and design. This not only increases com-
putational demands but also necessitates the use of advanced op-
timization algorithms to effectively explore the complex design
space. Under conditions of limited data, extracting effective de-
sign rules and achieving precise predictions remains a critical is-
sue to be addressed in multi-indicator optimization. As a result,
developing strategies for collaborative multi-indicator optimiza-
tion and quantifying the contribution of each performance indi-
cator to biosensor performance are key challenges that must be
addressed in the design of meta-biosensors.

In this work, we propose a novel method that captures
shared patterns in the data by leveraging pre-training on low-
dimensional datasets and applying transfer learning to uncover
the mapping relationships in high-dimensional datasets. Using
frequency shift as the unified performance evaluation criterion,
our approach enables the collaborative optimization of multiple
critical indicators (Q factor, FoM, and ESA) in meta-biosensors,
elucidating their contributions to device performance and achiev-
ing an optimized terahertz meta-biosensor design. Compared
with traditional finite element simulations, this method en-
hances computational efficiency by nearly four orders of mag-
nitude while reducing data requirements by approximately 50%
compared to conventional deep learning approaches. By defin-
ing the Q factor, FoM, and ESA as key neural network outputs
and employing frequency shift as the comprehensive biosen-
sor performance evaluation indicator, we successfully achieved
the multi-indicator collaborative optimization and quantified the
contribution ratio of each indicator on biosensing performance.
This finding provides a crucial theoretical foundation for op-
timization design. The meta-biosensor designed through this
method exhibits strong consistency between experimental re-
sults and theoretical predictions, enabling trace-level detection of
biomarkers. Beyond enabling efficient trace biological molecule
detection, this approach opens a new research direction formulti-
indicator collaborative optimization in biosensors, laying a criti-
cal foundation for the design and development of intelligent op-
tical devices.

2. Result and Discussion

This study introduces a transfer-learning-based inverse design
method for meta-biosensors, aimed at collaboratively optimiz-
ing multiple performance indicators. Initially, we pre-trained the
model on simple low-dimensional data to capture general de-
sign principles (Figure 1b). The knowledge gained during the
pre-training phase serves as an effective initial condition for de-
signingmore complexmetasurfaces, accelerating the design pro-
cess and improving accuracy. In the transfer learning phase, the
model balances the pre-trained knowledge with the new task
requirements through a fine-tuning strategy (Figure 1c). While
designing the meta-biosensor structure using INN, our model
simultaneously predicts its spectral response in real-time with
FNN (Figure 1d–g). Leveraging this model, we successfully opti-
mized the design of the meta-biosensor, achieving the collabora-
tive optimization of the Q factor, FoM, and ESA.

2.1. Design and Performance Analysis of the Pre-Training
Network Model

In the pre-training phase, we adopted a tandem neural network
architecture that combines forward neural networks (FNN) and
inverse neural networks (INN), which achieves a closed-loop
mapping between the spectral response and the geometric struc-
ture. This design effectively alleviates the non-uniqueness prob-
lem in the inverse design of electromagnetic wave scattering,
providing a reliable modeling foundation for transfer learning.
Specifically, the INN takes target spectra and performance indica-
tors (Q factor, FoM, ESA) as input and predicts the corresponding
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Figure 1. Design workflow of a meta-biosensor based on transfer learning and multi-objective collaborative optimization. a) Schematic of the transfer
learning framework, consisting of two core modules: pre-training and fine-tuning. b) Overview of the pre-training process, where low-dimensional simple
data are used for initial model training. c) Overview of the fine-tuning process, where the pre-trainedmodel is optimized using high-dimensional complex
data to meet specific application requirements. d) The meta-biosensor was designed through multi-indicator collaborative optimization. e) Geometric
parameters of the unit lattice in the designed meta-biosensor. f) FNN model for real-time verification of the designed structure. g) Real-time prediction
of the spectral response of the designed meta-biosensor by the model.

Adv. Sci. 2025, 12, 2504855 2504855 (3 of 12) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

 21983844, 2025, 27, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202504855 by U

niversity O
f Shanghai For Science &

 T
echnology, W

iley O
nline L

ibrary on [27/10/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

geometric parameters (G1 and G2) of the meta-biosensor struc-
ture. This enables the rapid generation of candidate structural
designs that meet specific spectra and performance indicator re-
quirements, significantly improving the efficiency of the inverse
design process. The FNN is trained to predict the transmission
spectrum and performance indicators from the structural param-
eters. It is used to validate whether the designs generated by the
INN produce spectra responses and performance indicators con-
sistent with the original targets, thereby ensuring the physical
feasibility of the inverse predictions. Its input consists of the out-
put from INN, and its output is the spectral transmittance and
performance indicators. During themulti-indicator optimization
stage, the FNN serves as a fast and accurate forward predictor,
enabling the rapid evaluation of structures with significantly re-
duced computational cost compared to electromagnetic simula-
tions such as COMSOL. Notably, although the INN is not directly
involved in this final optimization step, its joint training with
the FNN ensures that the inverse predictions are constrained by
and consistent with realistic forward responses. The tandem of
the INN model and the FNN model mitigates the effects of non-
unique solutions on the model and enhances the robustness and
physical validity.
During model design, we systematically evaluated the impact

of hidden layer count on performance. To determine the opti-
mal configuration, we analyzed the mean squared error (MSE)
of the model across various hidden layer settings during training
(Figure 2b). Our findings reveal that the lowest validation error
(MSE = 0.0082) is achieved when the INN comprises five hid-
den layers and the FNN comprises four. Increasing the number
of hidden layers allows the network to capture nonlinear features
in high-dimensional data more effectively. However, exceeding
a certain threshold diminishes generalization, primarily due to
overfitting and gradient vanishing. Further analysis of model er-
ror shows that the INN error converges after approximately 400
epochs, with only marginal improvement thereafter (Figure 2c).
For the FNN, after 200 epochs, the errors in both training and
test sets show a slight increase, likely caused by noise. Neverthe-
less, with continued training, the model balances noise interfer-
ence and data patterns, resulting in error convergence after 400
epochs (Figure 2d).
We further evaluated the model design capability and spectral

reconstruction ability (see Figure S1, Supporting Information for
details). A set of metasurface structures and their correspond-
ing spectral responses were randomly selected from the valida-
tion dataset to assess model performance. As training iterations
progressed, the structural parameters predicted by INN gradu-
ally converged toward the true values, with the error dropping
from 47.36% after 100 iterations to just 0.5% after 5000 itera-
tions (Figure 2e–h). In these figures, red bars represent INN-
predicted parameters, while blue bars denote actual structural
parameters. This indicates that the INN model effectively learns
the mapping between the spectral and the structural parameters,
achieving optimal solutions rapidly. Likewise, the FNN exhib-
ited strong spectral reconstruction capability (Figure 2i–l). The
red dashed line represents the FNN-predicted spectra, the blue
solid line shows the simulation results, and the gray shaded
area indicates prediction errors for absorption responses at dif-
ferent frequencies. After 500 iterations, FNN-predicted spec-
tra closely matched the simulated spectra, indicating excellent

performance in predicting the spectral response of designed
structures.

2.2. Advancing Model Performance by Transfer Learning Strategy

We conducted a comprehensive analysis to evaluate the impact
of various fine-tuning strategies on model performance. Initially,
we explored the effect of selectively freezing and fine-tuning
specific layers within the transfer learning model (Figure 3a).
The six graphs illustrate different model architectures, where
the x-axis indicates the starting layer for fine-tuning, the y-axis
denotes the model error, and each graph corresponds to fine-
tuning up to layers 1 through 6. The results indicate that freez-
ing the sixth layer while fine-tuning the first five layers mini-
mizes the model loss to 0.008. These findings underscore the
importance of strategically selecting fine-tuning layers within
the transfer learning framework to optimize model performance
effectively.
Next, we examined the impact of dataset size on model perfor-

mance by comparing transfer learning with conventional deep
learning models. The comparison results reveal that the trans-
fer learning model significantly reduces the demand for large-
scale datasets, which is about 50% lower than that of the deep
learning model (Figure 3b). The blue dotted line represents the
error of the deep learning model with additional dataset sup-
port, while the red dashed line shows the error of the transfer
learning model without additional dataset support. Especially in
data-limited scenarios, the transfer learning model achieves su-
perior performance, maintaining a low error of 0.024 without ad-
ditional data, compared to 0.043 for the deep learning model.
This advantage stems from the pre-training phase of transfer
learning, where common features are extracted from simple low-
dimensional tasks, significantly enhancing themodel generaliza-
tion capacity. In contrast, deep learning models trained directly
require significantly more data to achieve comparable perfor-
mance. Even when the deep learningmodel is trained with an ad-
ditional 50% of the dataset, its error remains at 0.025, still higher
than the transfer learning model. Only when the deep learning
model is provided with an additional 100% of the dataset does its
error drop to 0.021. This is because the large-scale datasets can
better learn the intrinsic features and patterns in the data, thus
improving the model generalization ability.
Finally, we assessed the effectiveness of different learning

rate adjustment strategies in optimizingmodel performance. We
compared the performance of the transfer learning model (red
curve) with a deep learningmodel trained with a 100% additional
dataset (blue curve) during the training process (Figure 3c). As
shown in the figure, during the early training stages, the transfer
learningmodel demonstrates a lower error rate and faster conver-
gence due to the knowledge retained from the pre-trained net-
work that helps the model adapt to the new task more quickly.
However, in the later training stages (as highlighted in the inset
showing epochs 2000 to 5000), the transfer learning model ex-
hibits error oscillations, occasionally exceeding the error levels
of the deep learning model. This instability is typically attributed
to an excessively high learning rate.
To overcome this issue, we evaluated three distinct learning

rate adjustment strategies for the transfer learning model: (1)
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Figure 2. Pretraining network model. a) Structure of the tandem neural network, consisting of a Forward Neural Network and an Inverse Neural Network
in series. b) Impact of the number of hidden layers on the network model error. c, d) Loss curves of the FNN and INN on the training and validation
datasets. e—h) Differences between the design structure and the actual structure of the INN after 100, 300, 500, and 5000 training iterations. i–l)
Differences between the reconstructed spectrum from the FNN and the COMSOL simulation spectrum after 100, 300, 500, and 5000 training iterations.
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Figure 3. Fine-tuning network model. a) The effect of fine-tuning each layer on model error. b) Performance comparison between the transfer learning
model and the tandem network model with datasets of different sizes. c) Loss curves of the transfer learning model and the tandem network model. d)
Comparison of performance for the transfer learning model with different learning rate adjustment strategies.

maintaining a constant learning rate, (2) reducing the learning
rate to 10% every 1000 epochs, (3) reducing the learning rate
to 10% every 2000 epochs. Dynamic learning rate adjustments
allow for an initially high rate to accelerate parameter updates,
followed by a gradual reduction to refine optimization near lo-
cal optima, which enhances overall performance. The choice of
learning rate adjustment strategy has a significant impact on the
transfer learning model error (Figure 3d). The black curve rep-
resents the model with a constant learning rate, resulting in a
final error of 0.0113. The red and blue curves correspond to mod-
els where the learning rate is reduced to 10% every 1000 and
2000 epochs, respectively. The results show that incorporating
dynamic learning rate adjustments progressively reduces model
error. Notably, the model with the learning rate reduced to 10%
every 2000 epochs achieved a final error of 0.0087, outperforming
the other strategies and significantly reducing oscillations during
training.
To further evaluate the efficiency of our model, we compared

it with traditional electromagnetic simulation methods. Conven-
tional electromagnetic simulations take approximately 3600 sec-
onds per design, whereas our approach completes predictions in
just 0.1 seconds, representing a 36000-fold improvement in ef-
ficiency. Moreover, with prediction errors below 1%, our model
closely aligns with ground truth values, establishing a foun-
dation for advancing multi-indicator collaborative optimization
design.

2.3. Optimization Design of Multiple Performance Indicators in
Meta-Biosensors

The performance of meta-biosensors is primarily determined by
three critical indicators: the Q factor, FoM, and ESA, each of
which significantly influences biosensing effectiveness. The Q
factor represents the quality of the biosensor, with higher values
signifying superior resolution of indicator signals and lower en-
ergy loss. The FoM considers the Q factor and resonance inten-
sity (I), where higher values reflect an optimal balance between
signal resolution and strength. The ESA quantifies the detection
range of the biosensor, with larger values increasing the proba-
bility of capturing target molecules, thereby improving detection
efficiency. However, these indicators exhibit nonlinear coupling,
optimizing one in isolation may adversely affect the others, po-
tentially degrading overall sensor performance. Achieving an op-
timal balance among the Q factor, FoM, and ESA is essential for
enhancing the overall performance of biosensors, enabling high-
sensitivity and low-error detection of trace molecules. Therefore,
determining the optimal trade-off between these performance in-
dicators remains a key challenge in sensor design.
To address this challenge, we propose a transfer learning-based

methodology for optimizing multiple performance indicators in
meta-biosensors (see Figure S2, Supporting Information for de-
tails). First, our approach leverages transfer learning to predict
and identify the range of meta-biosensor structures that achieve
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Figure 4. Collaborative optimization design and simulation verification of meta-biosensor indicators. a–c) The Q factor, FoM, and ESA of meta-
biosensors with different structures were predicted by the transfer learning model. d) Comparison of network prediction and simulation results. e)
The simulation results of the displacement electric field density distribution in the x-y plane for different meta-biosensors structures. f) With G1 fixed at
2 μm, the frequency shift of the simulated meta-biosensor varies with the opening width G2. g) Analysis of the contribution of each evaluation indicator
to sensor performance.

high Q factor, FoM, and ESA. We analyzed the Q factor for dif-
ferent structural parameters using the transfer learning model
(Figure 4a). It can be observed that when G1 = 2 μm and G2
= 2.18 μm, the Q factor reaches its peak at 839.5623, and this
structure significantly enhances the Q factor by strengthening
the QBIC mechanism of the metasurface. We also employed the
transfer learning model to predict the trend of FoM under dif-
ferent structural parameters (Figure 4b). When G1 = 2 μm and
G2 = 3.29 μm, the FoM value reaches its maximum of 158.9113,
achieving the best trade-off between Q factor and resonance in-
tensity. We also predicted the ESA of meta-biosensors under dif-
ferent structural parameters (Figure 4c). When G1 = 2 μm and
G2 = 4.01 μm, the ESA of the biosensor reaches its maximum
value of 223.8061 μm2. When G1 = 2 μm and G2 = 3.29 μm, the
ESA of the biosensor reaches 223.7581 μm2. These structures sig-
nificantly enhance light-matter interactions, expanding the de-

tection range and increasing the probability of molecular inter-
actions with the sensor, thereby enhancing the detection limit.
This holds substantial importance for practical biosensing ap-
plications, especially in the detection of low-concentration ana-
lytes. Compared to traditional simulation methods, our transfer
learning model rapidly identifies the optimal solutions for the
Q factor, FoM, and ESA, significantly reducing the design cy-
cle. Through the rapid parameter search of the transfer learn-
ing model, we identified the structures that optimize each in-
dicator. Subsequently, we determined that the structural range
achieving the highest standards for Q factor, FoM, and ESA is
G1 = 2 μm and G2 ranges from 2 μm to 4 μm. This provides a
strong foundation for multi-indicator optimization in biosensor
design.
Next, we validated the key performance indicators predicted

by the model through simulations to evaluate the prediction ac-
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curacy of the transfer learning model (see Figure S3, Support-
ing Information for details). We compared the predicted spec-
tral responses of different structural biosensors with the corre-
sponding simulation results (Figure 4d). The high consistency
between model predictions and simulations confirms the high
accuracy of the transfer learning model in optical performance
prediction. Specifically, the network error for the Q factor is be-
low 1.2%, and the FoM prediction error remains under 2%, fur-
ther validating the reliability of themodel. We also simulated and
calculated the ESA of meta-biosensors with different structures
(Figure 4e). The analysis shows that when G1 = 2 μm and G2 =
4 μm, the ESA is 223.93 μm2, and when G1 = 2 μm and G2 =
3.2 μm, the ESA is 223.36 μm2. In both cases, the error between
simulation and model prediction is less than 0.5%, confirming
the accuracy and generalization ability of the transfer learning
model in capturing complex structural performance. This strong
consistency indicates that our transfer learning model can accu-
rately predict multiple performance indicators even with limited
data, effectively addressing the challenge of data scarcity inmulti-
indicator collaborative optimization.
The Q factor, FoM, and ESA, as the core performance indica-

tors of biosensors, evaluate biosensor performance in terms of
resolution, signal response capability, and detection range, re-
spectively. However, optimizing a single indicator in isolation
cannot fully reflect the comprehensive response of biosensors
in practical biological detection scenarios. Furthermore, the non-
linear interactions among these indicators complicate the opti-
mization process. To overcome these limitations, it is essential to
establish a unified evaluation criterion that holistically character-
izes meta-biosensor performance.
To better align with practical applications, we use the fre-

quency shift induced by biological samples to represent the fi-
nal meta-biosensor performance (see Figure S4, Supporting In-
formation for details). The frequency shift is calculated as Δf =
f(0) − f(t), where f(0) represents the resonance frequency of the
bare metasurface, and f(t) is the resonance frequency after intro-
ducing a 5 μm biological sample. This metric directly reflects the
response intensity to the target analyte of the biosensor, a larger
frequency shift reflects better sensor performance. We simulated
the frequency shift induced by adding biological samples as a
function of G2 with G1 fixed at 2 μm (Figure 4f). The results indi-
cate that when G1 = 2 μm and G2 = 3.2 μm, the meta-biosensor
achieves a maximum frequency shift of 388.6 GHz while com-
prehensively optimizing the Q factor, FoM, and ESA. For exam-
ple, compared to the structure with G1 = 2 μm and G2 = 4 μm,
this optimal structure exhibits a slightly lower ESA (223.36 μm2

vs 223.93 μm2). However, its higher Q factor and FoM values re-
sult in a larger frequency shift during sensing, demonstrating
enhanced overall performance. Similarly, compared to the G1 =
2 μmandG2 = 3 μmstructure, the optimal structure achieves bet-
ter frequency shift performance due to its higher FoM and ESA
values, despite a slight decrease in the Q factor. By employing the
frequency shift as the unified evaluation criterion, we achieved
the collaborative optimization of the Q factor, FoM, and ESA,
confirming that the optimal biosensor structure is obtained with
G1 = 2 μm and G2 = 3.2 μm. This comprehensive optimization
not only enhances the overall performance of biosensors but also
lays a robust foundation for practical applications and future re-
search.

In the process of optimizing multiple performance indicators,
we observed that different structures exhibit significant varia-
tions in the Q factor, FoM, and ESA.While some structures attain
optimal values for one or more of these indicators, their corre-
sponding final frequency shifts did not exhibit the best perfor-
mance. Therefore, clarifying the specific contributions of Q fac-
tor, FoM, and ESA to sensor performance will assist in guiding
the collaborative optimization ofmultiple indicators, ensuring an
optimal balance among them.
To quantify the specific contributions of each indicator to the

frequency shift, we employed the Random Forest method.[68,69]

Random Forest is an ensemble learning algorithm based on de-
cision trees that calculates feature importance scores by measur-
ing the reduction in impurity at each decision tree split node.
(see Figure S5, Supporting Information for details). We used
the random forest method to quantitatively analyze the contri-
butions of these three indicators to frequency shift by construct-
ing datasets, training models, and analyzing feature importance
(Figure 4g). First, we constructed the training dataset by using Q
factor, FoM, and ESA as input features and frequency shift as the
target variable, and applied the random forest model for train-
ing. Next, we calculated the contribution of each feature to impu-
rity reduction at decision tree split nodes to evaluate their rela-
tive importance on frequency shift. The analysis reveals that the
contribution of FoM, Q factor, and ESA on biosensor frequency
shift is 48.42%, 26.09%, and 25.49%, respectively. Unlike tradi-
tional single-indicator evaluation methods, we quantitatively an-
alyzed the relative contributions of these three indicators in de-
termining biosensor performance for the first time, thereby pro-
viding a solid theoretical foundation formulti-indicator optimiza-
tion. This enables designers to achieve an optimal balance among
multiple performance indicators, therebymaximizing the overall
performance of the meta-biosensor. Our findings confirm that
achieving global performance optimization in meta-biosensors
requires a balanced consideration of the Q factor, FoM, and ESA,
ensuring that the biosensor performance is optimally coordi-
nated.
The contribution ratio analysis is not intended as a fixed con-

clusion for all metasurface biosensor designs but rather serves
as a general framework and methodology applicable to diverse
device structures. These ratios are structure-dependent and may
vary with design parameters or operational conditions. Never-
theless, this approach offers both theoretical insight and practi-
cal value for multi-indicator optimization. By identifying which
performance metric is dominant in a given structure, designers
can adjust the optimization direction accordingly. This reduces
reliance on blind trial-and-error, narrows the parameter space,
lowers computational cost, and enables more targeted and effi-
cient optimization strategies across various biosensing scenarios.
Overall, contribution ratio analysis enhances both the design pro-
cess and the final performance ofmeta-biosensors (see Figure S6,
Supporting Information for details).

2.4. The Measurement of the Trace Molecular Sensing Using the
Designed Meta-Biosensor

To validate the prediction accuracy of our method, we fabricated
metasurface structures based on the optimized design parame-
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Figure 5. Perform performance tests on the metasurface designed by our model. a) The fabricated meta-biosensor. b) SEM micrograph (Scale bar =
10 μm). c) The experimental spectral response of the fabricated meta-biosensors with different structures. d) frequency shift as a function of biomarker
concentrations, and the illustration is the molecular formula of homocysteine.

ters. We used conventional photolithography for fabrication (see
Figure S7, Supporting Information for details). The optimal de-
sign parameters for the biosensor based on our method were
G1 = 2.00 μm and G2 = 3.20 μm. However, due to limitations
in fabrication precision, the actual fabricated parameters were
G1 = 2.37 μm and G2 = 3.29 μm. The details of the designed
biosensor are visualized through optical images and scanning
electron microscope (SEM) images (Figure 5a,b). For compari-
son, we also fabricated a series of meta-biosensors with G1 fixed
at 2.00 μm while varying G2 at 2.00 μm, 4.00 μm, and 5.00 μm.
We then analyzed the transmission spectra of the fabricated
biosensors to evaluate the practical feasibility of the optimized
designs (Figure 5c). As the structural gap G2 increases, a slight
frequency shift and broadening of the corresponding QBIC reso-
nance peaks occur. This is due to the increase in structural asym-
metry caused by the change in openingwidth, leading to the origi-
nally symmetry-protected BIC state transitioning to a QBIC state
with finite leakage. Notably, the meta‑biosensor with fabricated
parameters G1 = 2.37 μm and G2 = 3.29 μm exhibits a Q factor
of 58 and a FoM of 8.12, indicating superior device performance.
In contrast, when G2 is set at 4.00 μm and 5.00 μm, the Q factor
drops to 22 and 16, respectively, and the FoM decreases to 3.74
and 2.72, with a gradual decline in performance, consistent with
the theoretical expectations. In addition, we analyzed the reasons
for performance degradation (see Figure S8, Supporting Infor-
mation for details).
Here, we selected homocysteine (Hcy) molecules as the tar-

get biological sample for detection (see Figure S9, Supporting In-
formation for details). Homocysteine is a biomarker strongly as-
sociated with various diseases, such as cardiovascular diseases,
aneurysms, and Parkinson’s disease.[70–72] Its detection at low
concentrations is critical for the early diagnosis of these diseases.
We applied a gradient of Hcy solutions corresponding to human
concentration ranges onto the meta-biosensor surface and mea-
sured the resulting frequency shift of the biosensor resonance
peaks (Figure 5d). It can be observed that as the concentration
of Hcy solution decreases from 5407.2 ng μL−1 to 1.7 ng μL−1,
the frequency shift of the biosensor resonance peak gradually re-
duces. Due to the limited resolution of the instrument (7.6 GHz),

theminimumdetectable concentration corresponding to this res-
olution on the chip is 1.7 ng μL−1. Furthermore, considering that
the optimal resolution of the commercial terahertz spectrometer
we used is 1.9 GHz after iteration, we fitted the frequency shift
versus concentration curve. Based on this analysis, we estimate
that at a 1.9 GHz resolution, pg-level trace molecule detection
(210.37 pg μL−1) can be achieved, which could effectively support
the disease diagnosis and treatment in clinical settings.

3. Conclusion

In this study, we propose a novel transfer learning-based ap-
proach for multi-indicator collaborative optimization, enabling
the efficient design of meta-biosensors. Our methodology lever-
ages pre-training on low-dimensional, simple structures to cap-
ture general design patterns, and subsequently fine-tuning on
high-dimensional, complex structures via transfer learning. This
strategy reduces reliance on large-scale datasets by approximately
50% while enhancing design efficiency and overall performance.
Unlike traditional single-indicator optimization methods, we
achieve the first comprehensive optimization of multiple perfor-
mance indicators, including the Q factor, FoM, and ESA, thereby
bridging the research gap in multi-indicator optimization for
meta-biosensors. Furthermore, we quantify the relative contri-
butions of these indicators to the overall performance, with the
Q factor accounting for 26.09%, FoM for 48.42%, and ESA for
25.49%. Quantifying the contributions of FoM, Q factor, and
ESA to frequency shift enables a more targeted optimization of
biosensor designs, which helps guide design priorities and im-
prove computational efficiency by reducing unnecessary simula-
tions and provides a reliable reference for selecting the best opti-
mization strategy based on specific application needs, ultimately
enhancing overall performance. Both experimental and simula-
tion validation results demonstrate that the meta-biosensors de-
signed using this method exhibit superior performance, achiev-
ing a pg-level detection limit for biologicalmarkermolecules with
remarkable sensitivity and reliability. This innovative approach
not only provides an effective solution for trace biomolecule de-
tection but also establishes an efficient optimization framework

Adv. Sci. 2025, 12, 2504855 2504855 (9 of 12) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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for meta-biosensor design, which significantly reduces computa-
tional costs and data requirements. Moreover, the methodology
can be extended to other multi-indicator optimization tasks be-
yond biosensing applications. Our work will accelerate the de-
velopment of intelligent sensors and optoelectronic devices and
drive the design and application of next-generation smart mate-
rials.

4. Experimental Section
Dataset Collection and Division: In this study, electromagnetic simula-

tions were performed using COMSOLMultiphysics (version 5.4) software
to generate the metasurface structure and its spectral response dataset.
The metasurface structure consists of a chain of resonators with two ad-
justable opening widths (G1 and G2), arranged in a rectangular lattice.
The resonators were made from metal (gold), and the substrate mate-
rial was quartz. The designed metasurface model was shown in Figure 1e.
The specific geometric parameters were as follows: the periods in the x
and y directions were Px = 37 μm and Py = 74 μm; the substrate thick-
ness was T = 500 μm; the resonator length was L = 30 μm, width was W
= 5 μm, resonator gap was S = 7 μm, and G1 and G2 were the tunable
opening widths to manipulate the interference coupling between electric
quadrupole and magnetic dipole (see Figure S10, Supporting Information
for details). The simulation range covers the transmission spectra in the
1–3 THz frequency band. By systematically scanning different combina-
tions of G1 and G2 (ranging from 2 to 15 μm, with a step size of 0.1 μm), a
total of 17161 data sets were generated (see Figure S11, Supporting Infor-
mation for details). In the pre-training phase, 131 data sets were randomly
selected from the low-dimensional simplemodel (with G1 fixed andG2 ad-
justable), and the dataset was divided into training and validation sets in
an 80:20 ratio to capture the basic spectral response patterns of the meta-
surface. In the transfer learning phase, the combined effects of G1 and
G2 were learned, using 50% of the data, which was divided into training
and validation sets with an 80:20 ratio. The remaining 50% was used for
performance comparison experiments.

Network Architecture: This study employs a deep neural network
model based on transfer learning for the inverse design of meta-
biosensors. The model consists of two parts: a forward modeling neu-
ral network (FNN) and an inverse modeling neural network (INN), which
were jointly trained and optimized in a tandem configuration. During the
training process, the INN takes the target spectral response and perfor-
mance indicators as input and predicts the corresponding structural de-
sign parameters. These predicted parameters were then passed into the
FNN, which generates the spectral response based on them. Both INN
and FNN were optimized simultaneously through backpropagation of the
comprehensive loss function. Gradients were backpropagated through the
entire network, allowing both INN and FNN to adjust their parameters
together. This joint training approach enables the network to learn both
the forward and inverse mappings concurrently, effectively overcoming
the non-uniqueness problem in inverse problems. Specifically, the entire
cascaded network using a comprehensive loss function composed of two
components were optimized: the INN loss, which measures the mean
square error between the predicted structural parameters of INN and the
actual structural parameters. And the FNN loss, whichmeasures themean
square error between the spectral response and related performance indi-
cators (Q factor, FoM, ESA) predicted by FNN and the simulation results.
The specific formulas were as follows:

lossINN = 1
N1

N1∑

i=0

(
Gpred − Gsim

)2
(1)

lossFNN = 1
N2 +N3

(
N2∑

i=0

(
Spred − Ssim

)2 +
N3∑

i=0

(
Epred − Esim

)2
) (2)

here, Gpred and Gsim represent the structural parameters of simulation
and model prediction, respectively, and N1 was the number of tunable
structures. Spred and Ssim represent the transmission coefficients of simu-
lation and model prediction at each frequency point, respectively, and N2
was the number of frequency points. Epred and Esim represent the perfor-
mance evaluation indicators of simulation and model prediction, and N3
was the number of evaluation indices.

Transfer Learning Strategy: The transfer learning strategy was divided
into two stages: pre-training and fine-tuning. The pre-training phase starts
by using a relatively simple low-dimensional dataset to pre-train themodel
and learn the general relationship between metasurface structural pa-
rameters and spectral responses. This phase uses a dataset with fewer
structural parameters (only adjusting G2 while fixing G1). During the pre-
training phase, the network learns general features of metasurface design
and spectral responses. The fine-tuning phase transfers the knowledge
learned from the low-dimensional model to the design of a more complex
high-dimensional model using transfer learning. The weights and biases
of the pre-trainedmodel were used as initial parameters for fine-tuning the
model. The model on a high-dimensional dataset was fine-tune d, adjust-
ing the weights and biases of the network.

Network Parameters: The FNN consists of six layers, including one in-
put layer, four hidden layers, and one output layer. The number of neurons
in each layer was (2, 256, 256, 256, 256, 333). The ReLU activation function
for all hidden layers were employed to enhance non-linearity and improve
training stability. The INN consists of seven layers, including one input
layer, five hidden layers, and one output layer. The number of neurons in
each layer was (333, 256, 256, 256, 256, 256, 2). Similarly, the ReLU activa-
tion function was used for all hidden layers. In this model, the batch size
was set to 64, and the Adam optimizer was used in the optimization pro-
cess. In this experiments, the initial learning rate was set to 0.0001, and
the model was trained for 10000 epochs.

Computational Environment: The deep learning experiments in this
paper were implemented on a computer equipped with an Intel Core i9-
13900K CPU (3.00 GHz), and an NVIDIA GeForce RTX 4090 GPU. The op-
erating system used was Microsoft Windows. The deep learning process
was based on the PyTorch framework.

THz Measurement: The transmission spectra of the samples were
measured using a commercial terahertz spectrometer (Advantest
TAS7400). The system operates within a frequency range of 0.5 to 4 THz,
with a spectral resolution of approximately 7.6 GHz. To suppress water
vapor interference, all of this tests were conducted at room temperature
(23 °C) with a relative humidity of less than 3%. To ensure the robust-
ness of the results, all samples were tested multiple times, and the Fourier
transform was applied to obtain the frequency-domain signals. The ter-
ahertz transmission signals of the bare metasurface and samples were
measured with different concentrations of homocysteine (Hcy) solution.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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