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Enhancing fluorescent probe design through
multilayer interaction convolutional networks:
advancing biosensing and bioimaging precisiony

i ") Check for updates ‘

Cite this: Chem. Sci., 2025, 16, 8853

8 All publication charges for this article
have been paid for by the Royal Society

of Chemistry Gongcheng Ma,1? Qihang Ding, & +*¢ Yuding Zhang,1® Xiaodong Zeng, @ +9"
Kai Zhu,® Hongli Chen, ©2 Wenxuan Zhang, © ¢ Qingzhi Wang,? Shuman Huang,”

Ping Gong, © *? Zhengwei Xu* and Xuechuan Hong & *o"

Fluorescent probes are pivotal in biosensing and bioimaging, necessitating precise spectral tailoring for
high-performance applications. Despite their importance, probe design remains largely empirical,
a process that is both time-consuming and laborious. To streamline this, we created a comprehensive
dataset of over 600 rhodamine fluorescent probes and employed a multilayer interaction convolutional
model (MICNet) trained on molecular fingerprints to accurately predict excitation and emission
wavelengths. Our model demonstrated high accuracy with mean relative errors (MRE) of 0.1% for
excitation and 0.4% for emission wavelengths. Advancing this, we implemented a closed-loop strategy
that integrates experimental feedback to iteratively enhance the design algorithm's accuracy, thereby
improving the probes’ performance and reliability. This method not only accelerates the probe

Received 24th December 2024
Accepted 7th March 2025

DOI: 10.1035/d4sc08695¢ development cycle but also facilitates the creation of spectrally customized fluorescent probes, offering

Open Access Article. Published on 22 dubna 2025. Downloaded on 07.02.2026 0:57:27.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

rsc.li/chemical-science

Introduction

Fluorescent probes are engineered to absorb light at specific
wavelengths and subsequently emit light at typically longer
wavelengths.! These probes are meticulously designed for
selective binding to target molecules or cellular structures
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a significant advancement in the field of bioanalytical chemistry.

within biological samples, rendering them indispensable in the
realms of biosensing and bioimaging.>* Upon interaction with
analytes, these probes undergo structural, physical, or chemical
transformations, which manifest as alterations in their fluo-
rescent properties, such as spectral shifts or changes in the
extinction coefficient and quantum yield.*® A comprehensive
understanding of the spectral property changes during the
response process is essential for the development of high-
performance fluorescent probes.

Fluorescent probe design conventionally necessitates an in-
depth understanding of chemistry, biochemistry, and the
principles of fluorescence, which is heavily contingent on the
expertise of scientists.'®'* The synthesis and spectral charac-
terization of these probes typically demand considerable time
and labor. Consequently, there is a pressing need for predictive
tools that can forecast the spectral alterations of probes in
response to various analytes and under diverse environmental
conditions, thereby facilitating a more expeditious and efficient
design process. However, empirical rules and theoretical
frameworks, such as the Woodward-Fieser rules, first-
principles methods and time-dependent density functional
theory (TD-DFT), possess certain limitations. They are often
applicable to specific molecular systems, and there is a lack of
comprehensive theories for calculating certain properties.'>™**

Artificial intelligence (AI) is revolutionizing the field of
chemistry by leveraging “big data” techniques and machine
learning (ML) algorithms, enabling programs to autonomously
discern complex patterns from extensive datasets that elude
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manual analysis. This paradigm shift from traditional, expert-
rule-based methods to data-driven insights is significantly
enhancing the efficiency and accuracy of chemical research.'®"”
The integration of AI in the simulation and optimization of
molecular structures has accelerated the screening process for
molecules with potential therapeutic effects or unique proper-
ties, addressing the historical inefficiencies and high costs
associated with conventional molecular design.®*® Trans-
forming chemical data into formats compatible with Al models
is crucial for progressively refining algorithms and enhancing
predictive accuracy.”*>*

In a pioneering study, Par et al. introduced a deep learning
strategy for the expeditious and dependable prediction of
optical and photophysical attributes of organic compounds.
This was accomplished by training the model on an extensive
experimental database encompassing over 30 000 permutations
of chromophores and solvents.”® Subsequently, in 2023, Tsuda
et al. harnessed a massively parallelized variant of ChemTS to
engineer fluorescent molecules. They adeptly employed DFT to
assess potential energy surfaces, thereby achieving a judicious
balance between reliability and computational economy.**
Despite these advancements, the realm of fluorescent probe
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design remains uncharted territory for Al models. Incorporating
a feedback mechanism into the design algorithm facilitates
iterative refinement and optimization, bolstering the system's
efficacy and dependability through empirical validation.”**” In
light of these considerations, the development of Al-driven tools
designed to demystify the complexities of predicting excitation
and emission spectra in response to probe interactions is of
paramount importance.

In this study, we have meticulously curated a novel dataset,
designated as RFP1, comprising over 614 rhodamine-based
fluorescent probes that span the UV-Vis-NIR spectra in terms
of excitation and emission wavelengths. Utilizing three distinct
molecular fingerprints, we have engaged five state-of-the-art Al
models to predict the maximum excitation and emission
wavelengths with remarkable accuracy (Scheme 1). Our evalu-
ation involving ~100 unseen samples has demonstrated
exceptional predictive performance, with Morgan fingerprints
and the Multilayer Interaction Convolutional Network (MICNet)
achieving mean relative errors (MRE) of 0.1% and 0.4%,
respectively. Notably, the predictive accuracy of our Al model
has been significantly enhanced through iterative updates with
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Scheme 1 Schematic overview of the Al-enhanced rhodamine probe design strategy. We have meticulously compiled a novel dataset,
designated RFP1, encompassing a diverse array of over 614 rhodamine-based fluorescent probes, spanning the UV-Vis—NIR spectrum in terms
of excitation and emission wavelengths. Drawing from literature and patents, we collated data including molecular structures, excitation/
emission spectra, solvent effects, pH dependencies, and more, converting this wealth of information into a computer-readable format utilizing
the simplified molecular-input line-entry system (SMILES) and molecular fingerprints. This comprehensive database was subsequently employed
to train five sophisticated deep learning models, which were continuously refined with incoming experimental data to enhance predictive

accuracy.
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new experimental data, underscoring the profound advantages
of the iterative approach in Al-based rhodamine probe design.

Results and discussion
Data processing and database construction

A comprehensive dataset of over 614 rhodamine-based fluo-
rescent probes has been curated from literature and patent
sources, reflecting the spectra of molecular architectures,
excitation/emission profiles, pH responsiveness, and solvent
interactions.”®** Compounds were prioritized for the compila-
tion of excitation and emission data if they exhibited multiple
spectral peaks with the most red-shifted wavelength or the
greatest intensity. pH data were coded as ‘0’ for neutral, ‘1’ for
basic, and ‘-1’ for acidic conditions. The dataset was further
refined by addressing missing values and outliers, and by
applying normalization techniques, preparing it for training the
neural network model. Following a rigorous filtering process,
a refined dataset, RFP1, was constructed, encompassing
rhodamine probes with excitation and emission spectra ranging
from the UV to the NIR (Fig. 1A). The absorption wavelength
range from 300 to 1100 nm and the corresponding emission
wavelength range from 300 to 700 nm are illustrated in Fig. 1B
and C. The majority of absorption bands peak between 300 and
700 nm, with approximately 70% surpassing 600 nm. In
contrast, emission bands are primarily confined to the 500 to
700 nm range (Fig. 1B-D). The molecular structures of the
collected probes were converted into computational descrip-
tors, including RDKit descriptors, Morgan fingerprints, and
MACCSKeys fingerprints. After excluding non-recognizable and
invalid molecules, the curated database comprised a total of 614
entries.

By utilizing existing databases containing excitation and
emission spectral data of rhodamine derivatives and applying
computational learning algorithms to analyze the influence of
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Fig.1 Database assembly of rhodamine probes. (A) Core structures of
rhodamine fluorophores, highlighting the diversity of fluorescent
scaffolds. (B) Distribution of the excitation band dataset, detailing the
count of rhodamine probes within defined spectral intervals. (C)
Corresponding distribution of the emission band dataset, showcasing
the spectral diversity of the probes. (D) Quantitative representation of
rhodamine probes allocated for detection and biological imaging,
indicating their applicational prevalence.
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various functional groups on molecular fragments, a robust
database of larger structural moieties can be established. This
comprehensive resource could be a valuable asset for the design
of optical probes. The database enables predictive modeling of
excitation and emission spectra for rhodamine molecules when
provided with the machine-encoded structural formula of an
unidentified rhodamine species.

Assessment of molecular probes’ fluorescence prediction
models and fingerprints

Predicting the intricate fluorescence properties of molecular
probes, which are defined by their complex spatial configura-
tions, necessitates a sophisticated analysis of the interactions
among multiple molecular targets. We then introduce MICNet
to discern the subtle correlations between molecular architec-
ture and spectral characteristics across various temporal
dimensions (Fig. 2). The core of MICNet is the MIC-block,
a modular unit that dissects the input molecular probe data
into distinct subsequences. Each subsequence is subjected to
dedicated convolutional processing, thereby extracting pivotal
temporal features. Arranging multiple MIC-blocks in a binary
tree architecture facilitates an exhaustive and profound
dissection of the molecular probes’ multifaceted attributes. By
aligning MICNet's architectural design with the intrinsic
features of molecular probe data, our approach enhances the
precision of fluorescence property predictions for molecular
probes (Fig. 2). The stacking of K layers of MICNets can
significantly enhance the accuracy of fluorescence property
predictions for molecular probes, which possess complex
spatial structures. The stacking of multiple MICNet layers is
particularly effective in teasing out the intricate relationships
between molecular architecture and spectral behavior.
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Fig. 2 Schematic representation of the MICNet architecture. This
model is carefully designed to elucidate the complex relationships
between molecular structures and their corresponding fluorescence
properties. The figure illustrates the data processing sequence within
MICNet, beginning with the division of molecular probe data into
distinct subsequences in the MIC-block, followed by a series of con-
volutional operations specifically tailored to extract temporal features.
The arrangement of MIC-blocks in a binary tree structure ensures
comprehensive analysis, aligning with the detailed characteristics of
molecular probe data and culminating in the accurate prediction of
fluorescence properties as visualized in the diagram.
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We evaluated five artificial intelligence models, comprising
CNN-LSTM, RESNet, VGG, VMD-Attention-LSTM (VATTL), and
MICNet, for their ability to predict the fluorescence properties
of molecular probes based on their spatial structures, utilizing
the RFP1 database.**** Each model was trained on molecular
fingerprint data encoded through RDKit descriptors, Morgan
fingerprints, and MACCSKeys fingerprints, targeting the
maximum excitation (Fig. 3A and S11) and emission (Fig. 3B
and S27) values. To achieve the optimal balance between model
performance and computational cost, 20-fold cross-validation
allows for a more granular evaluation on the training data,
thereby reducing the variability introduced by different
training/validation dataset splits and enhancing the model's
robustness. Predictive performance across all models improved
with increasing training iterations, reaching a plateau at 50
iterations. Although RESNet exhibits the quickest convergence,
MICNet has been chosen for further research due to the less
time-sensitive nature of the task described in this article.
MICNet demonstrates higher predictive accuracy after conver-
gence, which is more relevant in the context of designing
rhodamine probes where time sensitivity is low. The Mean
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Fig. 3 Al model construction and molecular fingerprint matching for
fluorescence prediction. (A) maximum excitation and (B) emission
values predicted by Al models are plotted against observed data across
20-fold cross-validation. The analysis incorporates three molecular
fingerprinting methods: RDKit descriptors, Morgan fingerprints, and
MACCSKeys fingerprints, subsequently processed by MICNet, CNN-
LSTM, RESNet, VGG, and VATTL algorithms. (C) Comprehensive
predictive performance is detailed for maximum excitation and
emission, showcasing the impact of various fingerprinting methods on
the accuracy of different Al algorithms.
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Absolute Error (MAE) for each model stabilized after a certain
number of training steps. Detailed results for mean relative
error (MRE), MAE, and mean square error (MSE) are depicted in
Fig. 3C, S3 and S4,t respectively. MICNet, in conjunction with
Morgan fingerprint encoding, achieved the lowest MRE (0.001
for excitation, 0.004 for emission), MAE (0.9 for excitation, 1.6
for emission), and MSE (133.3 for excitation, 130.3 for emis-
sion). These values suggest that MICNet combined with Morgan
fingerprints provides predictions that closely approximate the
actual fluorescence properties of rhodamine probes. This
optimal performance is ascribed to MICNet's recursive archi-
tecture and interactive learning mechanism, which efficiently
captures the complex spatial features of molecular probes, thus
enhancing the model's predictive accuracy for their fluores-
cence characteristics.***

The impact of learning environmental related datasets on
prediction accuracy

To enhance the prediction accuracy of the MICNet model, we
have extended our analysis to encompass not only the molec-
ular structural modeling but also the solvation effects on the
absorption and fluorescence properties of rhodamine
probes.**?¢ The dataset, comprising a series of rhodamine
probes designated as ‘test probe’, was meticulously assembled
to validate the optical properties predicted by the MICNet
model against empirical data. The predictive capabilities of the
model were scrutinized under varying conditions, including the
influence of pH, solvents, and their combined effects during the
training phase. These findings are delineated in Fig. 4, which
presents a comparative analysis of the model's predictive
performance across three distinct environmental scenarios. In
scenarios where pH or solvents were considered individually as
training variables, the MICNet model exhibited MAE values of
1.919 for maximum excitation and 0.886 for maximum emis-
sion predictions. Conversely, when both pH and solvent prop-
erties were concurrently integrated into the training framework,
the model's predictive accuracy significantly improved, with
MAE values reduced to 0.474 for maximum excitation and 0.567
for maximum emission predictions, as depicted in Fig. 4B and
C. Experimental evidence suggests that the model's predictive
prowess is optimized when it concurrently accounts for both pH
and solvent properties, as illustrated in Fig. S5-S7.F
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Fig. 4 Enhanced predictive accuracy of spectral properties in
rhodamine probes by MICNet. (A) Comparative analysis of the mean
relative errors (MRE) for MICNet predictions with and without
consideration of solvent and pH effects. (B) Maximum excitation and
(C) emission values of the test probe, depicted as point-line plots,
showcase the model's predictive accuracy under varying environ-
mental conditions. The MRE is confined within a range of 0 to 3% (¥*p <
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AI model assisting the design of pH-response rhodamine
probes

In pursuit of enhancing the AI system's role in the design of
novel probes, we have developed a series of previously unchar-
acterized, pH-responsive rhodamine fluorescent probes. Fig. 6
illustrates the synthesis of four rhodamine-based structures,
each appended with a diethylenetriamine spacer and linked to
fluorescein, resulting in the creation of innovative pH-
responsive probes: Rh640-fluorescein, Rh100-fluorescein,
Rh19-fluorescein, and RhB-fluorescein. These probes are
designed to exhibit an increase in rhodamine fluorescence and
a concomitant decrease in fluorescein fluorescence in response
to acidic conditions, with an inverse response in basic envi-
ronments. The synthesis of these four pH-responsive rhoda-
mine probes was successfully achieved, and their spectral
characteristics in both acidic and basic media were meticu-
lously measured and compared against predicted values.
Notably, Rh640-fluorescein demonstrated the most significant
spectral shifts, with excitation and emission peaks at 514/
521 nm and 582/607 nm in acidic and alkaline solutions,
respectively, highlighting its potential for pH sensing applica-
tions. The AI system's predictions were in close accord with
experimental findings, with discrepancies consistently beneath
0.4%, thereby underscoring the system's reliability in fore-
casting spectral alterations associated with probe-analyte
interactions, and its utility in the strategic design of fluores-
cent probes (Fig. 5).
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Fig. 5 De novo design of pH-responsive rhodamine probes using
MICNet Al modeling. The accuracy of MICNet is validated by
comparing predicted and observed excitation/emission maxima. A
schematic depicts the structural transitions of rhodamine probes
under varying pH. Mean absolute errors (MAE) for excitation and
emission predictions further highlight the system's reliability in probe
design.
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Assessment of pH-responsive properties of the Rh640-
fluorescein

Four pH-responsive rhodamine probes were synthesized by
integrating a diethylenetriamine segment with both tetrahydro-
chloride and fluorescein frameworks. The structural elucidation
of these probes was thoroughly conducted in Fig. S8-S15.1 The
photophysical characteristics of the Rh640-fluorescein probe
were examined in aqueous media at 37 °C. Fig. 6A illustrates the
reversible pH-dependent fluorescence switching of Rh640-
fluorescein between acidic and basic conditions, facilitating its
utility as a pH indicator. Specifically, under acidic conditions,
Rh640-fluorescein presented a distinct absorption peak at
582 nm and a pronounced emission peak at 607 nm. Under basic
conditions, these values shifted to 514 nm and 521 nm, respec-
tively (Fig. 6B and C). As pH increased, the fluorescence intensity
at 521 nm (FL521) rose, while that at 607 nm (FL607) diminished,
effecting a visible transition from red to green fluorescence.
Within the pH range of 2.0-12.0, the ratio of fluorescence
intensities (FL521/FL607) exhibited a 103-fold increase, from 0.08
to 8.25 (Fig. 1D). Notably, a linear correlation between this fluo-
rescence intensity ratio and pH was established across the pH
range of 4-8, which encompasses the majority of biologically
relevant pH environments. Moreover, the reversible fluorescence
response of Rh640-fluorescein to pH fluctuations between 4 and
10, as shown in Fig. 6E, underscores its potential for monitoring
dynamic pH changes in biological systems.

Subsequently, fluorescence imaging of cells in different PBS
buffers (pH 4-10) was determined using the Rh640-fluorescein
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spectra comparison at pH 3 and pH 10 for Rh640-fluorescein. (C)
Fluorescence emission spectra of Rh640-fluorescein (5.0 uM) across
a pH gradient (arrows indicate the spectral shift with increasing pH
from 3 to 10). (D) Calibration curve depicting the ratio of fluorescence
intensities at 521 nm (FL521) to 607 nm (FL607) as a function of pH. (E)
Demonstration of the reversible fluorescence intensity ratio (FLsp¢/
FLeo7) upon alternating pH conditions between 4 and 10. (F) Confocal
microscopic images of HepG2 cells treated with Rh640-fluorescein,
showcasing fluorescence changes in a range of pH 4 to 10 solutions.
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probe through confocal microscopy (Fig. 6F). Spectral analysis
of HepG2 cells labeled with Rh640-fluorescein revealed two
distinguishable emission spectra corresponding to fluorescein
at 510-530 nm (green) and rhodamine 640 at 600-620 nm (red).
As shown in the overlay images, as the pH increased, the red
fluorescence in HepG2 cells gradually decreased while the green
fluorescence increased, which is consistent with the conclu-
sions drawn from the in vitro solution, further confirming that
Rh640-fluorescein is suitable for pH detection. The pH-
responsive probe Rh640-fluorescein, developed through an
integrated approach of MICNet model performance prediction,
screening, synthesis, and verification, is of significant
importance.

Enhancing the predictive precision of MICNet through
iterative database refinement

The AI system integrates an evolutionary algorithm, enabling
the model to incrementally refine its predictive capabilities with
each database update. The enhancement in predictive perfor-
mance following the incorporation of empirical data from pH-
responsive rhodamine probes resulted into the RFP1 database
(Fig. 7A). By rigorously controlling the experimental process and
ensuring consistency with the training protocol of RFP1, we
ensured that the RFP2 data exhibited the same feature space
distribution, thereby avoiding potential conflicts between the
two datasets. This upgrade facilitates the Al model's continuous
learning during operational deployment, allowing for the
accumulation of data and the refinement of molecular probe
property features, thereby augmenting the model's predictive
accuracy. The comparative analysis of relative errors and P
values for the excitation prediction of the test probe, both pre-
and post-database update indicates a reduction in the mean
absolute error (MAE) of predicted excitation values by 0.9 upon
model updating (Fig. 7B and S16Af). A corresponding
improvement is observed in the prediction of emission values,
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Fig. 7 Enhancement of predictive performance in the RFP2 dataset
upon incorporation of Rh640-fluorescein measurements. (A) The
dataset updating protocol facilitates the refinement of the iterative Al
model, thereby augmenting its predictive accuracy. Comparative
analysis of the relative prediction errors for the excitation (B) and
emission (C) wavelengths of the test probe, both pre- and post-dataset
enhancement.
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with a decrease in relative errors and Pvalues by 1.5 (Fig. 7C and
S16B1). These findings substantiate that database updates
significantly bolster the predictive accuracy of the MICNet
model, providing robust support for the design of molecular
probes.

Experimental section

All experimental methods are provided in the ESI.T Statistical
analyses were performed using GraphPad Prism 8 software.
Statistical significance was determined by performing either
Student's #-test (two-tailed) or one-way ANOVA to calculate p-
values between groups. A p-value less than 0.05 was considered
statistically significant (*, p < 0.05; **, p < 0.01; *** p < 0.001).

Conclusions

Our study introduces a groundbreaking methodology employ-
ing iterative deep learning neural models for the de novo
synthesis of fluorescent probes, marking a significant
advancement in accelerating the development of probes with
tailored spectral characteristics. The MICNet model demon-
strates exceptional precision in predicting excitation and
emission wavelengths, achieving average relative errors as low
as 0.1% and 0.4%, respectively. This highlights the potential to
drastically expedite the design process of such probes. Addi-
tionally, the integration of a closed-loop strategy that continu-
ously refines the design algorithms based on experimental
feedback enhances the predictive accuracy and reliability of the
system.

However, it is crucial to acknowledge the inherent limita-
tions of our study. A primary concern is the scale and quality of
the dataset, which serves as the foundation for training our Al
models. Despite our efforts to assemble an extensive and
representative dataset of rhodamine fluorescent probes,
potential biases or omissions within the data may influence the
predictive accuracy of our models. Moreover, while promising
outcomes have been achieved in rhodamine probe design,
further validation is necessary to establish the broader appli-
cability and generalizability of our approach across different
classes of fluorescent probes. To enhance the practical utility of
our findings, several strategic initiatives can be pursued. First,
expanding and refining the dataset for AI model training is
essential, ensuring a more comprehensive representation of
various fluorescent probe classes and their spectral character-
istics. Additionally, fostering interdisciplinary collaboration
between computational and experimental scientists is key to
validating Al-generated predictions and further improving
model accuracy. Developing accessible software tools based on
our methodology would also facilitate the broader adoption and
integration of Al-driven probe design processes, further
strengthening the impact of our research.

Furthermore, Al techniques such as generative models and
reinforcement learning show significant potential in addressing
key challenges in fluorescent probe design, particularly photo-
stability and cell permeability. For photostability, generative
models, especially deep learning-based approaches, can predict

© 2025 The Author(s). Published by the Royal Society of Chemistry
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novel structures with enhanced resistance to photobleaching by
learning the relationship between molecular features and
photostability. Reinforcement learning can further refine these
designs by adjusting molecular structures based on simulated
or experimental feedback, thereby improving their stability
under different lighting conditions. Regarding cell perme-
ability, Al can optimize the physicochemical properties that
govern a probe's ability to cross cell membranes. Machine
learning algorithms can identify patterns in molecular
descriptors related to permeability, while generative models can
propose new compounds with improved membrane penetra-
tion. By integrating molecular dynamics simulations with Al
tools, further insights into probe-membrane interactions can be
gained, allowing for the design of probes with enhanced
permeability.

By leveraging these Al-driven approaches, we can accelerate
the design of fluorescent probes that exhibit both high photo-
stability and improved cell permeability, making them more
effective for biological applications. These methods represent
a promising frontier for the development of next-generation
fluorescent probes. We will expand upon these Al solutions in
the revised manuscript to provide a more comprehensive
discussion on how AI can address the unique challenges of
fluorescent probe design, further advancing their applicability
in real-world scenarios.
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