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tegrated platform for dye
property prediction and structure optimization

Wenxiang Song,a Yuyang Zhang,bc Le Xiong,a Xinmin Li,a Jingwei Zhang,a

Guixia Liu, a Weihua Li, a Youjun Yang *bc and Yun Tang *a

With the rapid advancement of fluorescent dye research, there is an urgent need for tools capable of

accurately predicting dye optical properties while facilitating structural modification. However, the field

currently lacks reliable and user-friendly tools for this purpose. To address this gap, we have developed

Fluor-tools—an integrated platform for dye property prediction and structural optimization. The platform

comprises two core modules: (1) Fluor-pred, a dye property prediction model that integrates domain-

specific knowledge of fluorophores with a label distribution smoothing (LDS) reweighting strategy and an

advanced residual lightweight attention (RLAT) architecture. This model achieves state-of-the-art

performance in predicting four key photophysical properties of dyes. (2) Fluor-opt, a structural

optimization module that employs a matched molecular pair analysis (MMPA) method enhanced with

symmetry-aware and environment-adaptive modifications. This module derives 1579 structural

transformation rules, enabling the directional optimization of non-NIR (non-near-infrared) dyes to NIR

properties. In summary, Fluor-tools provides robust computational support for research in biomedical

imaging and optical materials. The platform is freely accessible at https://lmmd.ecust.edu.cn/Fluor-

tools/.
1 Introduction

Fluorescent materials are compounds that absorb light and re-
emit it as uorescence. A dening feature of these materials is
their conjugated p-electron systems, which enable ne-tuning
of optical properties. They play pivotal roles across diverse
applications, including pharmaceuticals, dyes and pigments,
optoelectronics, organic light-emitting diodes, environmental
monitoring, light-harvesting antennas, organic photovoltaics,
information encryption, bioimaging, and high-throughput
material discovery.1–7 Notably, the near-infrared (NIR) region
serves as an optimal optical imaging window, characterized by
minimal tissue absorption and reduced light scattering.8,9 This
spectral range offers distinct advantages: low phototoxicity,
deep tissue penetration, minimal autouorescence interfer-
ence, high signal-to-noise ratios, and low false-positive rates—
all of which enable high-quality in vivo deep-tissue imaging.10–16

However, the development of uorophores currently relies
heavily on empirical knowledge and extensive trial-and-error
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experimentation, creating substantial barriers to designing
high-performance dyes.12 While existing empirical rules (e.g.,
the Woodward–Fieser rules) can estimate the maximum
absorption wavelength of dyes,17 and time-dependent density
functional theory (TD-DFT) allows calculation of absorption and
emission spectral parameters,18 ab initio calculations remain
oen time-consuming and cost-prohibitive, restricting their
widespread application.

Recently, with the rapid advancement of articial intelli-
gence (AI), AI-based approaches have signicantly transformed
dye design by offering greater computational efficiency and
predictive accuracy than traditional methods. These
approaches are primarily applied in two domains: (1) dye
property prediction, and (2) dye structure optimization. Prop-
erty prediction represents the most widely studied application,
where regression models are built to forecast key optical char-
acteristics—including absorption wavelength (labs), emission
wavelength (lem), uorescence quantum yield (FPL), and molar
absorption coefficient (3max).19–23 For example, Joung et al.
developed a multi-property prediction model using graph con-
volutional networks (GCNs), trained on an experimental dataset
of 30 094 dye–solvent pairs; this model enabled accurate
predictions of multiple optical properties.20 Similarly, Wang
et al. proposed NIRFluor, a multimodal prediction model
trained on 5179 NIR uorescent molecules, which achieved
high accuracy in predicting four critical properties of NIR
dyes.23 In the eld of dye structure optimization, conventional
© 2025 The Author(s). Published by the Royal Society of Chemistry
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approaches typically involve generating a large number of
derivatives based on target molecular scaffold, followed by
screening using property prediction models to identify candi-
date molecules with desired characteristics.24 Recently, Zhu
et al. integrated the Reinvent4 to successfully synthesize a novel
uorescent compound exhibiting exceptional brightness.25,26

Additionally, Han et al. developed DeepMoleculeGen, a genera-
tive deep learning (DL) model trained on a comprehensive
experimental database containing 71 424 molecule–solvent
pairs.27

However, current methodologies still suffer from notable
limitations, which are elaborated as follows: (1) in terms of dye
property prediction: existing models rely exclusively on molec-
ular structures to forecast properties. They merely adopt generic
molecular representations—such as molecular graphs or
molecular ngerprints—while lacking the integration of dye-
specic knowledge. Moreover, the imbalanced distribution of
dye-related data leads to particularly poor prediction accuracy
in spectral regions where data is sparse. (2) In the eld of
structural optimization: the currently prevalent “undirected
random generation and subsequent screening” strategy suffers
from certain accuracy limitations, primarily due to its reliance
on the aforementioned property prediction models. Addition-
ally, Reinvent4 is not specically developed for dyes, making it
difficult to generate structurally reasonable dye molecules. (3)
Finally, previous models have not yet been truly delivered to
end-users. Most previous studies failed to deploy their models,
leaving these models unable to provide tangible support for the
dye industry.

To address the aforementioned challenges, we have devel-
oped Fluor-tools—an innovative computational platform for the
rational design of dyes. The platform architecture integrates
two synergistic modules:

(1) Fluor-pred: a multimodal property prediction model that
incorporates domain-specic knowledge of uorophores. In
terms of architectural design, we innovatively designed
a residual lightweight attention (RLAT) architecture, coupled
with a label distribution smoothing (LDS) reweighting strategy.
These design elements collectively enhance model perfor-
mance—particularly improving prediction accuracy in data-
sparse regions. For dye representation, we integrated domain-
specic knowledge of dyes, such as HOMO–LUMO gaps and
custom-developed MMP ngerprints. Ultimately, Fluor-pred
achieved state-of-the-art performance in predicting four core
photophysical properties of dyes.

(2) Fluor-opt: this module enables the directed modication
of non-NIR dyes to achieve NIR properties. It adopts an opti-
mized quantitative structure–activity relationship-molecular
matching pair (QSAR-MMP) algorithm, into which we have
integrated symmetry modication methods and the applica-
bility context of MMP transformation rules. This approach
comprehensively captures the differences in structural trans-
formation and structure–activity relationships (SARs) between
non-NIR and NIR dyes. It supports the automated structural
optimization of non-NIR dyes into NIR dyes and has been
successfully applied in multiple cases.
© 2025 The Author(s). Published by the Royal Society of Chemistry
Finally, we have integrated all the aforementioned research
into the website (https://lmmd.ecust.edu.cn/Fluor-tools/),
ensuring convenient access and utilization for researchers.

2 Results
2.1 Overall of Fluor-tools

Fluor-tools incorporates an accurate dye property prediction
model, Fluor-pred. The model architecture of Fluor-pred is
shown in Fig. 1a–c. This model was developed based on
FluoDB,26 the largest publicly available dye database to date,
and employs a comprehensive set of effective molecular repre-
sentations, as detailed in Fig. 1b. (1) First, we utilize the
Attentive FP architecture to encode dye molecular graphs,
effectively capturing structural information.42 (2) To account for
the distinct property distributions exhibited by different scaf-
fold types, we incorporate scaffold-specic annotations as
additional input features. (3) Building on the experimentally
validated transformation rules extracted from Fluor-opt (which
signicantly alter dye properties), we identify 136 high-
frequency substructures to construct dye-specic MMP nger-
prints. (4) Recognizing the well-established correlation between
dye properties and HOMO–LUMO gaps (where smaller gaps
correspond to longer absorption wavelengths),45–48 we integrate
HOMO–LUMO gap predictions from the advanced quantum
property prediction model Uni-mol+.43 (5) Incorporates several
RDKit-calculated molecular properties along with Morgan
ngerprints—features that have been extensively adopted in
previous studies.19–23 For solvent representation, we employ
Morgan ngerprints combined with solvent-type annotations.

Regarding the model architecture of Fluor-pred (Fig. 1c), we
designed a RLAT framework for small molecule information
extraction—a framework originally developed for protein
sequence information extraction.49,50 In Fluor-pred, the Atten-
tionCNN module processes concatenated sequential informa-
tion from dye molecules, which is then integrated with graph
features and solvent representations. Compared to conven-
tional deep attention models, RLAT maintains robust repre-
sentational capacity while signicantly reducing both
parameter size and computational overhead, making it partic-
ularly suitable for dye molecular feature extraction. Notably, the
four properties show severe distribution skewness (Fig. S1),
causing signicant accuracy drops in sparse-data regions. To
address this, we introduced LDS to reweight the loss function
based on estimated data density.44 This method assigns higher
weights to samples in low-density regions and lower weights to
those in high-density regions, and ne-tunes the reweighting
intensity via the hyperparameter a to achieve an optimal
balance.

In addition, Fluor-tools also incorporates a module called
Fluor-opt, which enables the directed transformation of non-
NIR dyes into NIR dyes. Fluor-opt employs an optimized
QSAR-MMP algorithm, where we incorporate symmetry modi-
cations and the applicability context of transformation rules.
This approach comprehensively captures the differences in
structural transformations and SARs between non-NIR and NIR
dyes, ultimately enabling the automated structural
Digital Discovery, 2025, 4, 3728–3743 | 3729
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Fig. 1 Overview of Fluor-tools platform, integrating two core models: Fluor-pred (a–c) and Fluor-opt (d–g). The development process of Fluor-
pred includes: (a) data collection and preprocessing: Fluor-pred is built upon the FluoDB database,26 which, after preprocessing, contains 49 831
dye–solvent pairs; (b) molecular and solvent representations: Fluor-pred incorporates multiple representations, including molecular graphs, dye
category labels, custom-designed MMP fingerprints, and HOMO–LUMO gap computed by Uni-mol+, and so on; (c) model architecture: Fluor-
pred employs an optimized RLAT architecture for efficient feature extraction. The workflow of Fluor-opt includes: (d) data collection and
preprocessing: data were obtained frommultiple databases and literature mining. After processing, a total of 1096 NIR dyemolecules and 16 144
non-NIR dye molecules were collected; (e) construction of NIR classification models: building a set of binary classifiers to distinguish between
NIR and non-NIR dyes; (f) MMPA-based transformation rule extraction: deriving structural transformation rules for converting non-NIR dyes into
NIR dyes; (g) structure optimization and candidate screening: applying appropriate transformation rules to target molecules to generate
candidate compounds, which are then filtered by the binary classifiers. The molecules predicted as NIR dyes are retained as optimized outputs.
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View Article Online
optimization of non-NIR dyes into NIR dyes. Compared with
molecular generation methods, the MMPA approach imple-
ments minimal yet critical molecular modications, which
signicantly enhances the synthetic feasibility of optimized dye
molecules. The general development process of Fluor-opt
3730 | Digital Discovery, 2025, 4, 3728–3743
includes: (1) building the largest open-source NIR dye data-
base through literature mining and database integration
(Fig. 1d); (2) creating a binary classication model with dened
applicability domains to evaluate transformation rules and
lter modied molecules (Fig. 1e); (3) developing an enhanced
© 2025 The Author(s). Published by the Royal Society of Chemistry
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View Article Online
MMP method incorporating dye symmetry features, yielding
1579 transformation rules (Fig. 1f); (4) validating rules with
transformation context to establish an iterative optimization
cycle for NIR dye data enhancement (Fig. 1g).
2.2 Data analysis

In the Fluor-pred study, we utilized the original dataset from
FluoDB database,26 comprising 49 831 validated dye–solvent
pairs. Fig. S1 illustrates the dataset characteristics and distri-
butions for the four prediction tasks.
Fig. 2 Workflow of data collection, processing, and analysis in Fluor-opt.
(b) correlation between dye properties and labs in the Fluor-opt dataset; a
non-NIR dye counts across different molecular scaffolds in the Fluor-
reduction in the Fluor-opt dataset. The t-SNE analysis was performed b

© 2025 The Author(s). Published by the Royal Society of Chemistry
For the Fluor-opt model, as illustrated in Fig. 2, we con-
structed a comprehensive dye database by integrating multiple
data sources, which was used for extracting transformation
rules via the MMPA method. Furthermore, due to the limited
number of NIR dyes in existing databases, we conducted
systematic literature mining using the keywords “near-infrared”
and “dye”—screening for valid information from approximately
500 retrieved articles. Aer data processing, the nal dataset
comprises 17 240 experimentally validated dye structures,
including 1096 NIR dyes and 16 144 non-NIR dyes.
(a) Overview of the data collection and analysis workflow for Fluor-opt;
ll six properties were calculated using RDKit; (c) comparison of NIR and
opt dataset; (d) distribution of labs and t-SNE-based dimensionality
ased on the Morgan fingerprints of the dyes.

Digital Discovery, 2025, 4, 3728–3743 | 3731
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In this study, we conducted systematic statistical analyses of
the structural and property differences between NIR and non-
NIR dyes within the Fluor-opt dataset. Fig. 2b demonstrates
the relationship between dye properties and their classication
as NIR or non-NIR dyes. NIR dyes tend to exhibit slightly higher
molecular weights, log P values, ring counts, and degrees of
unsaturation compared to non-NIR counterparts. This trend
can be attributed to characteristic structural motifs of NIR dyes,
such as: extended conjugated systems, as seen in porphyrins
and cyanine dyes; and fused ring frameworks (e.g., pentacene,
perylene derivatives) or rigid bridging cores (e.g., BODIPY scaf-
fold). Collectively, these features account for the increased
molecular weight and lipophilicity observed in NIR dyes. Based
on the structural classication framework established by Zhu
et al., all dyes were categorized into 17 distinct scaffold types
(Fig. 2c).26 Among these, cyanine scaffolds contain the highest
proportion of NIR dyes, followed by BODIPY derivatives.
Notably, certain scaffold classes such as carbazole and tri-
phenylamine show a signicant skew toward non-NIR dyes.
This scaffold-dependent variation underscores the pivotal
inuence of molecular scaffolds on the photophysical behavior
of dyes. We provide detailed statistical data in Fig. S2.

To further elucidate the relationship between dye scaffolds
and the characteristics of NIR dyes, we performed a statistical
analysis of the labs distributions across different scaffold types in
the Fluor-opt dataset, as shown in Fig. 3. The results show that
cyanine derivatives most frequently exhibit high labs, followed by
squaric acid, porphyrin, and BODIPY scaffolds. Notably, some
scaffold types, such as triphenylamine, naphthalimide, and azo
derivatives, exhibit a near-complete absence of NIR dyes, indi-
cating that their structures impose substantial constraints on
photophysical properties. Nonetheless, most scaffold types
exhibit broad absorption wavelength ranges, demonstrating that
rational structural optimization can effectively modulate their
photophysical properties for the majority of scaffolds.
Fig. 3 Distribution of labs across different dye scaffolds in the Fluor-op
different colors represent distinct scaffolds. The width of each bubble cor

3732 | Digital Discovery, 2025, 4, 3728–3743
2.3 Results of uor-pred

2.3.1 Performance of uor-pred. Fluor-pred synergistically
integrates multimodal molecular representations, innovative
architectural design, and an advanced loss function. As evi-
denced in Fig. 4, the model achieves leading performance
across all four critical photophysical property predictions—labs,
lem, FPL, and 3max—with R2 values of 0.943, 0.943, 0.668, and
0.789, respectively. Moreover, LDS-weighted loss function
addresses data sparsity by assigning higher weights to sparse
regions, signicantly reducing prediction errors in these inter-
vals. As is evident from the rightmost histogram bars in Fig. 4a,
the predicted values show strong agreement with the experi-
mental values—even under low-data conditions. Furthermore,
scaffold-performance analysis (Table S1) reveals a strong
correlation between prediction accuracy and the volume of
training data: scaffolds with sufficient training data (e.g.,
BODIPY) maintain consistently high accuracy across all tasks,
whereas data-decient scaffolds (e.g., porphyrins and azo
compounds) exhibit signicantly greater prediction variance.

Furthermore, to demonstrate the extrapolation capability of
our model, we re-partitioned the entire dataset using scaffold-
based split. Specically, dye molecules were divided according
to their Murcko scaffolds into training, validation, and test sets
at a 7 : 1 : 2 ratio, ensuring that molecules sharing the same
scaffold appeared in only one subset. We compared the results
of random partitioning and scaffold partitioning, as shown in
Fig. S3. It can be observed that the stricter scaffold split led to
a moderate decline in model performance, yet the predictions
remained robust, particularly for labs and lem. However, the
prediction of photoluminescence FPL still showed similar
limitations as in the random split, with performance noticeably
lower than for the other three properties.

2.3.2 Study on quantum yield error. In response to the
concern regarding the relatively low accuracy of the photo-
luminescence FPL prediction task, we performed a quantitative
t dataset. Statistical distribution of labs across 17 dye scaffolds, where
responds to the relative quantity of dyes within each scaffold category.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 (a) Fluor-pred performance across four prediction tasks: labs, lem, FPL, and 3max. (b) Ablation experiments on the Fluor-pred model and
corresponding performance. “all” indicates all features retained; “w/o mmp” represents the removal of MMP fingerprints; “w/o type” represents
the removal of scaffold-type labels; “w/o qm” represents the removal of HOMO–LUMO gap values. (c) The impact of removing LDS reweighting
on the prediction accuracy of the four tasks. (d) Feature extraction from the classification head of Fluor-pred on the test set and t-SNE-based
dimensionality reduction analysis.
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error analysis on the test set, as shown in Fig. S4. The analysis
included residual distribution, binned error evaluation, and
noise characteristic exploration.

First, the binned MAE analysis reveals the variation of errors
with respect to the true FPL values (Fig. S4a): in the low-FPL

range, the prediction errors are relatively small, whereas in the
high-FPL range, the errors increase markedly, with the MAE in
the highest bin approaching 0.18. This indicates that predicting
samples with high quantum yields is considerably more chal-
lenging. Second, the residual histogram shows that the overall
residuals approximately follow a normal distribution, with the
peak centered around zero, suggesting no severe systematic bias
in the model (Fig. S4b). However, the distribution exhibits
a slight negative skew and extended tails, indicating that a small
number of samples still suffer from large prediction deviations.
© 2025 The Author(s). Published by the Royal Society of Chemistry
Such long-tail errors may arise from experimental measurement
uncertainties or outliers present in the dataset. Finally, the
residual versus predicted values scatter plot demonstrates that
the residuals are not entirely random (Fig. S4c): in the low-
prediction region, the model tends to slightly underestimate,
while in the high-prediction region, it tends to overestimate.
Moreover, the magnitude of residual uctuations increases with
larger predicted values, reecting evident heteroscedasticity.

Therefore, the relatively low R2 in FPL prediction does not
simply result from insufficient model performance. The
primary contributing factors include imbalanced data distri-
bution, the limited number of high-FPL samples, and greater
experimental noise in the high-FPL region.

2.3.3 Ablation study. To assess the importance and
contributions of individual modules in Fluor-pred, we
Digital Discovery, 2025, 4, 3728–3743 | 3733

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00402k


Table 1 Comparison between Fluor-pred and other models

Algorithms MAEa RMSEb R2c

labs GBRT 13.67 28.71 0.93
SMFluo 21.19 35.44 0.89
SchNet 22.17 41.05 0.63
ABT-MPNN 12.66 26.23 0.94
Fluor-predictor 14.70 28.07 0.92
FLSF 12.56 25.99 0.94
Fluor-RLAT 12.44 25.68 0.94

lem GBRT 14.56 25.91 0.92
SMFluo 27.82 38.31 0.83
SchNet 38.26 51.91 0.43
ABT-MPNN 13.30 22.84 0.94
Fluor-predictor 15.65 25.92 0.92
FLSF 13.27 23.35 0.94
Fluor-RLAT 13.04 22.34 0.94

FPL GBRT 0.12 0.18 0.68
SMFluo 0.13 0.21 0.57
SchNet 0.15 0.20 0.39
ABT-MPNN 0.12 0.19 0.65
Fluor-predictor 0.13 0.19 0.62
FLSF 0.12 0.19 0.66
Fluor-RLAT 0.11 0.18 0.66

3max GBRT 0.20 0.31 0.66
SMFluo 0.22 0.37 0.53
SchNet 0.51 0.71 −2.01
ABT-MPNN 0.32 0.45 0.31
Fluor-predictor 0.17 0.34 0.70
FLSF 0.23 0.34 0.59
Fluor-RLAT 0.15 0.29 0.78

a MAE: mean absolute error. b RMSE: root mean square error. c R2:
Coefficient of determination. All models were trained and tested using
the same data split from the FluoDB dataset, with some results
directly taken from FLSF. The bolded numbers indicate the optimal
results for the corresponding tasks.
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conducted ablation studies on several key components. As
shown in Fig. 4b, the full-featured model demonstrated optimal
performance across all four prediction tasks. The ablation of
any feature component resulted in measurable performance
degradation, with the most pronounced decline observed upon
removal of MMP ngerprints. This compelling evidence vali-
dates the efficacy of our custom MMP ngerprints in capturing
the critical structural determinants governing dye property
variations. Interestingly, while the HOMO–LUMO gap exhibits
clear linear correlations withmultiple target properties (Fig. S5),
the “w/o qm” condition showed the least impact on model
performance. This limited impact may stem from the fact that
when quantum chemical information is combined with higher-
dimensional feature representations, its relatively low dimen-
sionality causes its contribution to the overall model perfor-
mance to be diluted by higher-dimensional features.
Nevertheless, it is undeniable that Fluor-pred does exhibit
improved predictive performance aer integrating this feature.

To evaluate the importance of the LDS reweighting mecha-
nism, as shown in Fig. 4c, removing the LDS reweighting led to
a decrease in performance across all prediction tasks, with the
most pronounced drop observed in the 3max task. To further
assess whether LDS reweighting genuinely improves prediction
accuracy in low-density regions, we analyzed labs as a represen-
tative property with a skewed distribution. The dataset was
divided into three intervals: #300 nm, 300–700 nm, and
$700 nm. The middle interval contains the majority of the data,
while the lower and upper ends account for only 2.22% and
3.27%, respectively. As shown in Fig. S6, LDS improved accuracy
across all intervals, with the most signicant reduction in error
observed in the NIR region ($700 nm). Interestingly, in the
data-rich 300–700 nm high-density region, the MAE also
decreased. This may be due to the varying internal density
within the 300–700 nm range, where certain subregions benet
more than others. Overall, LDS effectively improved the overall
prediction accuracy of Fluor-pred, particularly enhancing the
model's performance in sparse regions. Finally, we visualized
the latent feature space from the nal layer of the model using
dimensionality reduction techniques. In Fig. 4d, smooth color
gradients show each target property's variation trends and
exhibit clear distinguishability, indicating the model has
effectively distinguished and learned different properties.

2.3.4 Model comparison. To rigorously evaluate the
performance advantages of Fluor-pred, we conducted a system-
atic comparative analysis against multiple recently published
open-source dye property prediction models using the stan-
dardized FluoDB dataset. The models used for comparison
include GBRT,19 SMFluo,37 SchNet,38 ABT-MPNN,39 Fluor-
predictor,40 and FLSF.26 Among them, GBRT represents dye
molecules using Morgan ngerprints, while the others employ
various graph neural network (GNN) architectures for molecular
representation. As shown in Table 1, Fluor-pred achieved the
best overall performance across all four prediction tasks.
Specically, Fluor-pred achieves slightly better performance
than other models on the labs, lem, and FPL tasks, and
demonstrates a signicant advantage on the 3max task.
3734 | Digital Discovery, 2025, 4, 3728–3743
However, in the uorescenceFPL prediction task, none of the
models achieved an R2 value above 0.7, which is signicantly
lower than the performance observed in the other three tasks.
The limitations in FPL prediction primarily stem from two key
factors: (1) the FPL dataset is the most limited among the four
tasks and exhibits a highly skewed distribution, with experi-
mental values heavily clustered at one extreme of the range; (2)
FPL is inuenced by molecular structure and solvent effects,
and it is also highly sensitive to experimental conditions—
including temperature, light source characteristics, lter
selection, detector sensitivity, and sample-to-solvent ratios.
These inherent complexities make FPL prediction fundamen-
tally more challenging than other optical properties. Despite
these challenges in FPL prediction, Fluor-pred maintains
superior performance compared to existing models.
2.4 Results of Fluor-opt

2.4.1 Development of NIR/non-NIR dye classication
models. Prior to conducting MMP analysis, we constructed
a binary classication model to distinguish NIR from non-NIR
dyes. This model served two primary purposes: evaluating the
effectiveness of structural transformation rules and screening
NIR candidates generated by Fluor-opt. Given the substantial
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 (a) Predictive performance comparison between the ensemble
model and baseline models, where the optimal model combines
LGBM, GBRT and XGB. (b) Applicability domain analysis and selection
for the ensemble model. Red and blue points represent the PRAUC
values for compounds within and outside the application domain in
the test set, respectively.

Table 2 Number of fragments and MMPs corresponding to molecular
cutting strategy

Cutting strategy Number of fragments MMPs

Single cut 150 318 (2.76%) 168 030 (0.21%)
Double cut 1 149 542 (21.14%) 818 033 (1.05%)
Triple cut 4 136 517 (76.1%) 7 476 515 (98.74%)
Total 5 436 377 77 263 789
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class imbalance (with non-NIR dyes far outnumbering NIR
dyes), we selected PRAUC as the primary evaluation metric and
employed both undersampling and oversampling strategies
during training. Fivemachine learning algorithms and ve deep
learning models were evaluated. As shown in Fig. 5a, the nal
ensemble model—comprising LGBM, GBRT, and XGBoost—
achieved high predictive performance on the test set (ACC =

0.981, AUC = 0.985, PRAUC = 0.921). This model enables
accurate classication of NIR and non-NIR dyes, thereby
providing a robust foundation for both MMP rule validation
and downstream molecule screening. Detailed parameter
settings and model comparisons are summarized in Tables S2–
S5.

To further ensure prediction reliability, we conducted an
applicability domain (AD) analysis. Based on the test set, the
average Tanimoto similarity (g) between test and training
molecules was 0.3772 (s = 0.1274). Aer jointly optimizing
chemical space coverage and model performance, the optimal
parameters (k = 20, Z = 2) yielded a similarity threshold of
0.632, which successfully captured 90% of the test set (Fig. 5b).
For compounds within the applicability domain, the model
maintained strong predictive power (PRAUC = 0.9077, MCC =

0.9789, F1-score = 0.8378).
© 2025 The Author(s). Published by the Royal Society of Chemistry
Ultimately, we applied the model to the previously collected
set of 17 194 dye molecules lacking experimental absorption
wavelength data, successfully identifying 78 high-condence
NIR candidates (i.e., AD-compliant compounds with predic-
tion probabilities > 0.8) for MMP dataset augmentation. Due to
the limited number of NIR dyes in the dataset, these molecules
help further alleviate the shortage of NIR dyes and facilitate the
extraction of more comprehensive structural transformation
rules in MMPA analysis.

2.4.2 Deriving transformation rules from non-NIR to NIR.
The MMPA analysis was conducted based on the augmented
dataset derived from the aforementioned QSAR model,
comprising a total of 17 287 dye molecules, including 1149 NIR
dyes and 16 138 non-NIR dyes. Traditional MMP approaches
overlook the contextual environment of structural trans-
formations.33 They oen apply extracted transformation rules
indiscriminately to all molecular structures. This practice is
clearly inappropriate in the eld of dyes. As shown in Fig. 3, dye
molecules with different scaffolds exhibit signicant differ-
ences in their properties; therefore, transformation rules
derived from one scaffold, such as squaraine, may not be
applicable to other types like cyanine dyes. We addressed these
limitations by dening the shared scaffold fragments as the
applicability context for each rule. During the optimization
process, we introduced a hyperparameter, similarity_value, to
identify the most compatible transformation rule for a given
target molecule. This parameter quanties how well a rule
matches the target molecule; higher similarity implies stronger
compatibility and a higher chance of valid NIR transformation.
Furthermore, traditional MMP analysis is typically limited to
single-site modications. However, dye molecules are oen
subjected to symmetric modications. To account for this, we
extended the traditional MMP framework by incorporating
symmetry-aware transformation rules, treating molecule pairs
with consistent dual-site substitutions as valid matched
molecular pairs. Detailed steps of the MMPA are provided in
Section 4.2.4.

The rst step in the MMP process is molecular fragmenta-
tion. To achieve comprehensive fragmentation coverage, we
applied bond disconnection strategies involving one to three
disconnection points. As shown in Table 2, three-point cuts
resulted in signicantly more fragments, and consequently,
more MMPs. This outcome is primarily due to the inherent
structural complexity of dye molecules, which oen feature
extended conjugated systems and polycyclic frameworks. These
characteristics make simple single- or double-bond cuts insuf-
cient for effective decomposition. Using this strategy, we
Digital Discovery, 2025, 4, 3728–3743 | 3735
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generated a total of 5 436 377 unique fragments and identied
8 462 578 matched molecular pairs.

To identify rules that favor the conversion of non-NIR dyes
into NIR dyes, we analyzed the transformation frequency of
each rule between non-NIR and NIR molecules and introduced
an evaluation metric, label_value. As dened in eqn (1), N(0 /

1) indicates the number of times the rule converts non-NIR dyes
into NIR dyes; N(1 / 0) indicates the number of times it
converts NIR dyes into non-NIR dyes; indicates the total number
of occurrences of the rule. Therefore, a label_value greater than
0 indicates that the transformation rule tends to promote the
conversion from non-NIR to NIR dyes. Aer removing duplicate
entries, we identied 1579 transformation rules that favor the
non-NIR to NIR conversion (with label_value greater than 0) and
extracted a total of 10 354 distinct transformation contexts.

Label_value ¼ Nð0/1Þ � 1�Nð1/0Þ
Nall

(1)

Table S6 presents several transformation rule examples,
where frequency denotes the occurrence frequency of a given
rule in converting non-NIR dyes into NIR dyes within the
dataset, and label_value quanties its effectiveness in
promoting such conversions. For example, transformation rule
Fig. 6 (a) Line plot showing the total number of generated molecule
different similarity thresholds. Higher similarity thresholds reduce the
conversion to NIR dyes. (b) Case studies: the compounds on the left
compounds on the right side correspond to the optimized molecules g
substructures, with all labs values obtained from experimental measurem
Pascal et al.;51 m3 andm4 denote the dye variants before and after modifi
original and engineered dye molecules;53 m7 andm8 indicate the pre- an
to Zhou et al.'s molecular designs before and after optimization.56

3736 | Digital Discovery, 2025, 4, 3728–3743
6 has a label_value of 1, indicating that all instances of its
application resulted in forward transformations. Statistically,
the majority of these forward rules (61.1%) appeared only once,
while a smaller subset (10.7%) appeared more than 20 times.
This imbalance is primarily attributed to the limited number of
available NIR dye samples.

2.4.3 Validation and case study of Fluor-opt. To evaluate
the reliability of transformation rules and the effectiveness of
the context–aware parameter similarity_value, we selected 1923
non-NIR dye molecules with labs values between 600–700 nm
from our dataset as optimization targets. For each molecule,
transformation rules were extracted and applied under varying
similarity_value thresholds. As demonstrated in Fig. 6a, Fluor-
opt consistently generated substantial numbers of NIR candi-
dates across all threshold conditions. Notably, higher Similar-
ity_Value thresholds reduced both the number of applicable
rules per molecule and the total output structures. Nevertheless,
these more stringent rules showed better alignment with the
structural context of target molecules, resulting in signicantly
higher conversion success rates. The nding validate the
effectiveness of the 1579 forward transformation rules, as well
as the utility of the hyperparameter similarity_value. Consid-
ering that all generated molecules are ultimately screened by
the NIR binary classication model, we recommend setting the
s and the corresponding proportion of NIR-classified compounds at
number of generated molecules but increase the success rate of
side of the arrow represent the original input molecules, while the
enerated by Fluor-opt. Fluorescent markers highlight the transformed
ents.m1 andm2 represent the original and modified dye molecules by
cation by Li et al.;52 m5,m6, m9, andm10 correspond to Zhang et al.'s
d post-modified dyes developed by Cosco et al.;54,55 m11 andm12 refer

© 2025 The Author(s). Published by the Royal Society of Chemistry
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similarity_value threshold between 0.2 and 0.4. This range
achieves a balanced trade-off—ensuring reliable output quality
while avoiding overly stringent ltering that may exclude
promising NIR candidates.

Fluor-opt performs structural modications including
functional group substitution, functional group addition, and
linker extension while preserving the core scaffold of the
molecule. To validate its effectiveness, we conducted multiple
case studies. As shown in Fig. 6b, the molecules on the le
represent the original non-NIR dyes, while the molecules on the
right correspond to their optimized structures. Aer optimiza-
tion, the target dyes generally exhibited signicant absorption
redshi, typically ranging from 50 to 200 nm. For instance,
when m1 was used as the target molecule, optimization via
Fluor-opt yielded the optimized molecule m2—a structure
previously reported by Pascal et al.—with an absorption wave-
length increase of nearly 150 nm.51 Additionally, we optimized
m7, a molecule developed by Cosco et al. in 2017, and the
resulting optimized structure was identied as m8—a high-
performance NIR dye rst reported in 2021, which exhibited
an absorption wavelength enhancement of over 200 nm.52,53

Remarkably, Fluor-opt achieves highly effective optimization
through minor modications, primarily by substituting a single
key functional group. Compared to molecular generation
methods, this strategy offers signicant advantages in terms of
synthetic accessibility. This tool provides valuable guidance for
dye chemists, signicantly expanding both the application
scope and translational potential of uorescent dyes in NIR-
related technologies.
Fig. 7 Introduction to the Fluor-tools website: (a) Fluor-tools welcome
used for dye structure optimization; (d) the connection and functional t

© 2025 The Author(s). Published by the Royal Society of Chemistry
2.5 Website setup and services

As shown in Fig. 7, to establish a user-friendly and integrated
platform for dye design and analysis, we integrated Fluor-opt
and Fluor-pred into a unied tool—Fluor-tools, which has
been deployed as a publicly accessible web application. Fluor-
tools is freely accessible at https://lmmd.ecust.edu.cn/Fluor-
tools/.

These modules form a synergistic closed-loop system
through bidirectional knowledge transfer: the MMP nger-
prints constructed from transformation rules extracted by
Fluor-opt provide Fluor-pred with critical structural features,
while Fluor-pred's high-accuracy predictions enable reliable
evaluation of Fluor-opt's optimization results (Fig. 7d). Through
this synergistic mechanism, researchers can rst generate NIR
candidate molecules via Fluor-opt, then efficiently screen them
using Fluor-pred's predictive capabilities, enabling multi-
parameter optimization that dramatically accelerates the
development of high-performance uorescent dyes.
3 Discussion and conclusions

This paper presents Fluor-tools, an integrated computational
platform designed to address key challenges in the design and
property prediction of uorescent dyes. The platform comprises
two core, synergistically working components: Fluor-pred and
Fluor-opt. (1) Fluor-pred incorporates multimodal domain-
specic knowledge of dyes, and by combining a specially
designed RLAT architecture with a LDS reweighting strategy, it
achieves state-of-the-art performance across all four critical
photophysical property prediction tasks. Moreover, although
page; (b) Fluor-pred, used for dye property prediction; (c) Fluor-opt,
ransfer between Fluor-opt and Fluor-pred.

Digital Discovery, 2025, 4, 3728–3743 | 3737
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the multimodal architecture of Fluor-pred is tailored for dye, its
use of the RLAT architecture and LDS reweighting strategy can
also be explored in other molecular property prediction tasks.
(2) Fluor-opt, on the other hand, leverages QSAR-enhanced
MMPA and integrates dye-specic characteristics. Ultimately,
it captures 1579 key structural transformations, enabling
automated and targeted modication of dyes from non-NIR to
NIR. Multiple case studies have validated its reliability.

However, Fluor-tools still has certain limitations. For
example, due to the limited amount of training data for uo-
rescence quantum yield and inherent experimental measure-
ment errors, the prediction accuracy of Fluor-pred for quantum
yield remains relatively low. In addition, Fluor-opt currently
focuses only on the directed optimization of absorption wave-
length and has not yet undergone experimental validation. In
future research, we will conduct in-depth investigations into the
key factors inuencing quantum yield and develop more
rational methods to improve the prediction accuracy of FPL For
the structure optimization model Fluor-opt, we plan to explore
incorporating target properties as constraints to establish
a multi-objective generation framework and carry out corre-
sponding experimental validations. In summary, Fluor-tools
provides a reliable computational framework for the property
prediction and rational optimization of dyes, and is well-
positioned to play a signicant role in biomedical imaging,
materials science, and related elds.
4 Methods
4.1 Methods of Fluor-pred

4.1.1 Data collection and processing of Fluor-pred. In the
Fluor-pred study, we utilized the original dataset from FluoDB,26

which was compiled by integrating multiple public databases
and collecting dye-related literature from PubMed. Aer
removing invalid entries and duplicates, FluoDB provided 49
861 uorophore-solvent pairs with experimental data on four
optical properties: labs, lem, FPL, and 3max.

On this basis, aer further excluding molecules incompat-
ible with Uni-mol+ calculations, the nal dataset used in Fluor-
pred contained 49 831 valid dye–solvent pairs. To ensure fair-
ness in model comparison, we retained FluoDB's original 7 : 1 :
2 random partitioning scheme, resulting in 34 881 samples for
training, 4982 for validation, and 9968 for testing, which were
used for model training, hyperparameter optimization, and
performance evaluation, respectively. In addition, to address
the strong skew in the distribution of 3max and improve model
performance, a logarithmic transformation was applied to 3max

values prior to training.
4.1.2 Multimodal features of uor-pred. Fluor-pred uses

multimodal information to characterize dye and solvent mole-
cules. As shown in Table S7, for dye molecules, we utilized
molecular graph features, scaffold type labels, custom MMP
ngerprints, Morgan ngerprints, quantum chemistry infor-
mation (HOMO–LUMO gap), and ve properties related to the
dye molecules. For solvent molecules, solvent type labels and
Morgan ngerprints were used for characterization.
3738 | Digital Discovery, 2025, 4, 3728–3743
The physicochemical properties of the dyes—namely
molecular weight, log P, average Gasteiger charge, ring count,
double bond count, and topological polar surface area (TPSA)—
were all calculated using RDKit and custom scripts. For dye
scaffold classication, we used the script provided by Zhu et al.,
which denes 728 uorescent dye scaffolds and categorizes the
dyes into 17 scaffold types.26 Detailed denitions of these scaf-
fold categories can be found in Fig. S7.

The construction of MMP ngerprints in Fluor-pred was
carried out as follows: among the 1579 key structural trans-
formations extracted in Fluor-opt, we retained transformation
rules that occurred more than 20 times and identied 136
associated substructures. These substructures were then used
to build dye-specic, substructure-aware MMP ngerprints. The
complete list of 136 substructures, along with the code for
generating the MMP ngerprints, is freely available at https://
lmmd.ecust.edu.cn/Fluor-tools/.

In this study, we employed Uni-mol+, a deep learning model
that uses 3D molecular conformations for accurate HOMO–
LUMO gap prediction. The Uni-mol + framework starts by
generating an initial 3D conformation using RDKit, then itera-
tively renes this conformation to the DFT equilibrium state
through neural network-based optimization. The nal opti-
mized conformation is then used to predict the HOMO–LUMO
gap. Since our ablation studies showed that the HOMO–LUMO
gap contributes minimally to the improvement in model
performance, we chose to use the average HOMO–LUMO gap
values in the web service to save computational time.

4.1.3 Model architecture of Fluor-pred. In terms of model
architecture, our design was inspired by the RLAT framework
used in protein property prediction, which is commonly
employed to extract protein sequence information.49,50 In the
Fluor-pred model, as shown in Fig. 1F, we also used the Atten-
tionCNN module to extract sequential information from dye
molecules and concatenated it with other feature representa-
tions. Compared to traditional deep attention models, RLAT
signicantly reduces computational cost and model complexity
while maintaining high performance, making it well-suited for
large-scale data processing, especially when computational
resources are limited. Furthermore, RLAT can automatically
learn effective representations from data and dynamically
adjust its attention to important features through the attention
mechanism, enhancing the model's adaptability and optimi-
zation capability. Additionally, RLAT can be effectively inte-
grated with other deep learning techniques, such as
convolutional neural networks (CNN) and graph neural
networks (GNN), further boosting the model's performance.

Hyperparameter optimization was performed using a grid
search strategy, encompassing both general parameters
(learning rate, weight decay, batch size) and architecture-
specic parameters (number of network layers, dropout rate,
graph feature dimension). To prevent overtting and optimize
computational efficiency, we implemented an early stopping
strategy that terminated training if no improvement in valida-
tion metrics was observed for 20 consecutive epochs. For the
four regression tasks predicted by Fluor-pred, we primarily used
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Data sources of Fluor-opt and the number of fluorescent
dye–solvent Pairs

Data source Number of entries

ChemFluor 4386
Deep4Chem 30094
SMFluo 1181
ChemDataExtractor 1915
Dye aggregation 3626
DSSCDB 2438
Fluor-predictor 36756
Ksenofontov's data 20608
Literature retrieval 1583
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MAE, RMSE, and R2 as evaluation metrics. The denitions and
formulas for all metrics are summarized in Table S8.

4.1.4 Reweighting method. In the uorescence dye prop-
erty prediction tasks, as illustrated in Fig. S1, the target vari-
ables are distributed unevenly across wide numerical ranges.
For example, both labs and lem are heavily concentrated in the
mid-spectrum region, while FPL are oen clustered near zero.
This skewed distribution may lead the model to focus primarily
on the dominant regions, while underperforming on rare but
critical boundary regions, ultimately limiting its generalization
capability.

To mitigate this issue, we introduce the label distribution
smoothing with inverse density strategy. The core idea of this
approach is to estimate the smoothed label density distribution
via kernel density estimation (KDE) and assign higher impor-
tance to samples located in low-density regions, thereby
encouraging the model to learn more effectively from under-
represented targets. The detailed procedure is as follows:

(1) Label discretization and density estimation: for each task,
the labels in the training set are uniformly discretized into
a xed number of bins (e.g., 100), and Gaussian kernels are
applied to smooth the label distribution. The smoothed density
p̂(yi) for a given label yi is computed as follows:

p̂ðyiÞ ¼ 1

nh

Xn
j¼1

1

s
ffiffiffiffiffiffi
2p

p exp

 
�
�
yj � yi

�2
2s2

!
(2)

where h is the smoothing bandwidth, s is the standard devia-
tion of the Gaussian kernel, and n is the number of bins.

(2) Weight assignment: based on the smoothed density p̂(yi),
each sample is assigned a weight inversely proportional to its
estimated density, encouraging higher importance for rare
labels:

si ¼ 1

p̂ðyiÞ þ 3
(3)

where 3 is a small constant (e.g., 10−6) to prevent division by
zero.

(3) Weight normalization: to avoid gradient instability due to
large variance in sample weights, all weights are normalized by
their mean:

si ¼ si

1

N

XN
i¼1

si

(4)

where N is the total number of samples in the training set. This
ensures that the reweighted loss remains on a comparable
scale.

(4) Reweighted loss function: the nal loss used during
training is a reweighted Mean Squared Error (MSE), incorpo-
rating the normalized weights. To further stabilize training and
make the loss more interpretable, we take the square root of the
weighted average:

L ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

B

XB
i¼1

si$ðyi � ŷiÞ2
vuut (5)
© 2025 The Author(s). Published by the Royal Society of Chemistry
where B is the batch size, yi is the true label, and ŷi is the pre-
dicted value.

By incorporating LDS-Inverse, the model can better learn
features from low-frequency sample regions, thereby improving
its performance on edge cases, especially for dye molecules with
extreme spectral properties or uncommon photophysical
behaviors.

4.2 Methods of Fluor-opt

4.2.1 Data collection and processing of Fluor-opt. The
dataset used in Fluor-opt was constructed by integrating
publicly available dye databases with targeted literature
retrieval. Specically, as summarized in Table 3, the collected
sources include ChemFluor,19 Deep4Chem,20 SMFluo,28 Chem-
DataExtractor,31 Dye Aggregation,29 DSSCDB,30 experimental
data from Ksenofontov et al.,32 and Fluor-predictor.40 In addi-
tion, we systematically retrieved and compiled relevant studies
from Scopus, ScienceDirect, and Web of Science using the
keywords “near-infrared” and “dye” to collect comprehensive
experimental data. The obtained data underwent the following
preprocessing steps to ensure consistency and applicability:

(1) Standardization: all datasets were unied in terms of
format and units. Furthermore, dye and solvent molecules were
converted into standardized SMILES representations using
RDKit.

(2) Data Cleaning: since Fluor-opt focuses exclusively on
optimizing labs, we retained only labs data from the above
sources. In addition, identical dye–solvent pairs may exhibit
conicts across different datasets; therefore, we identied and
removed entries with abnormal discrepancies (labs > 5 nm). For
entries within the acceptable range of variation, the average
value was taken as a substitute.

(3) Removal of solvent conditions: as MMPA is a structure-
based analytical method that does not account for solvent
effects on dye properties, we averaged the labs values of each dye
molecule across different solvent conditions and adopted labs$

700 nm as the classication threshold for near-infrared dyes.
The nal curated dataset consists of 17 240 experimentally

validated dye structures, including 1096 NIR dyes and 16 144
non-NIR dyes. This dataset was initially used to build a binary
classication model for NIR dye identication. Additionally, we
retained 17 194 dye molecules without experimentally
Digital Discovery, 2025, 4, 3728–3743 | 3739
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measured labs. These molecules were predicted using the
trained binary classication model, and those predicted as NIR
dyes with high condence and falling within the model's
applicability domain were selected as supplementary data for
subsequent MMPA analysis. For data analysis, we used RDKit
and custom scripts to compute six physicochemical properties
for both types of dyes, including molecular weight, log P,
number of rings, number of double bonds, average Gasteiger
charge, and TPSA. Dye scaffold classication was based on the
structural classication framework established by Zhu et al.,
which categorizes dyes into 17 distinct scaffold types.26

4.2.2 Binary classication model for NIR dyes. Before per-
forming MMPA, we constructed a classication model to
distinguish NIR dyes from non-NIR dyes using the aforemen-
tioned curated dataset, which includes 17 240 experimentally
validated dye compounds. The dataset was randomly split into
training (13 792 compounds), validation (1724 compounds),
and test sets (1724 compounds) with an 8 : 1 : 1 ratio. We
employed ve ML models (LGBM, GBRT, XGBoost, RF, and
SVM) and ve DL models (GraphTransformer, GIN, GCN, GAT,
and Attentive FP), applying both undersampling and over-
sampling strategies. ML models used Morgan ngerprints to
represent molecules, while DL models used various GNN algo-
rithms for molecular representation. The ensemble model was
constructed by integrating individual models with PRAUC
scores greater than 0.9, where the predicted probabilities from
each individual model were used as inputs for logistic regres-
sion integration.

In the training of our binary classication model, we
considered the severe imbalance between the two classes (with
non-NIR dyes outnumbering NIR dyes). To address this issue,
we employed both over-sampling and under-sampling strate-
gies to balance the training set. (1) Over-sampling: we applied
random over-sampling to the minority class (NIR dyes) by
sampling with replacement, expanding its size to match that of
the majority class. This ensured that the model was exposed to
sufficient minority-class examples during training, thereby
mitigating the risk of bias toward the majority class. (2) Under-
sampling: conversely, we also performed random under-
sampling of the majority class (non-NIR dyes), by randomly
selecting a subset equal in size to the minority class. This yiel-
ded a smaller but balanced training set, which reduces the risk
of overtting introduced by over-sampling, though at the
expense of potentially discarding part of the majority-class
information.

Hyperparameter optimization was performed using a grid
search strategy, encompassing both general parameters
(learning rate, weight decay, batch size, dropout rate) and GNN-
specic parameters (number of network layers, graph feature
dimension). To prevent overtting and optimize computational
resource utilization, we implemented an early stopping strategy
that terminated training if no improvement in validation set
performance metrics was observed for 20 consecutive epochs.
Detailed model parameters are provided in Table S5. For model
evaluation, we used several metrics, including ACC (accuracy),
MCC (Matthews correlation coefficient), F1 Score, recall, preci-
sion, SP (specicity), BA (balanced accuracy), AUC, and PRAUC.
3740 | Digital Discovery, 2025, 4, 3728–3743
The denitions and formulas for all metrics are summarized in
Table S8.

4.2.3 Denition of applicability domain. Dening the
applicability domain is a crucial component of the ve OECD
principles for the development and validation of QSAR models,
as it delineates the chemical space within which the model
predictions are considered reliable.34 In this study, we employed
a Euclidean distance-based method (DM) grounded in struc-
tural similarity to estimate the AD of the model. Chemical
structures were encoded using Morgan ngerprints, and the
structural similarity between compounds was quantied using
the Euclidean distance in the ngerprint space. The AD
threshold was dened as follows:

d = �d + Zs (6)

d is the mean Euclidean distance between each compound in
the training set and its nearest neighbor (also within the
training set); s is the standard deviation of these distances; Z is
a user-dened parameter (typically between 0.5 and 1.0) that
adjusts the signicance level or strictness of the boundary. To
evaluate whether a compound in the test set falls within the
model's AD, we proceed as follows: for each compound in the
test set, calculate the Euclidean distances to all compounds in
the training set. Retain the k nearest neighbors and compute
their average distance. If any of the k distances exceed the
threshold d, the compound is classied as outside domain;
otherwise, it is inside domain.41 This approach allows us to
systematically assess the reliability of predictions based on
structural proximity to known training data and prevents over-
interpretation of extrapolated results.

4.2.4 Python-based MMPA and molecular optimization.
MMPs refer to a pair of compounds with a single local structural
change, which can reveal the dynamic relationship between
molecules and their properties. In this work, MMPA and
molecular optimization are divided into the following four
parts: (1) molecular fragmentation, (2) obtaining matched
molecular pairs, (3) extracting transformation rules, (4) and
applying these transformation rules for molecular
optimization.

(1) Molecular fragmentation: for molecular fragmentation,
we implemented the algorithm proposed by Hussain and Rea
automatically.35,36 To comprehensively capture the property
differences caused by structural changes, we performed exten-
sive fragmentation of the molecules, including single-cut,
double-cut, and triple-cut strategies, while preserving chirality
during bond disconnection. As shown in Fig. 8a, the same
molecule can be fragmented into different combinations of
fragments, which are classied as either side chains or
scaffolds.

(2) Identication of matched molecular pairs: two molecules
are considered a matched molecular pair if they differ by only
a single structural change. We identied the relevant MMPs by
comparing the substructure fragments obtained in the previous
step. If there is only one fragment difference between two
fragment sequences, the corresponding molecules are consid-
ered a MMP. Additionally, since symmetric modications are
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 MMPA and molecular optimization detailed methods. (a) molecular fragmentation; (b) obtaining matched molecular pairs; (c) extracting
transformation rules; (d) and applying these transformation rules for molecular optimization.
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commonly used in dye modications, we introduced molecular
symmetry changes as an additional criterion for MMPs. As
shown in Fig. 8b, if two molecules undergo symmetric modi-
cations at the same position, they are also considered a MMP.
The MMP extraction process was carried out using custom
scripts, which was time-consuming and took approximately 10
days to complete.

(3) Extracting transformation rules: as shown in Fig. 8c, aer
obtaining the matched molecular pairs, the next step is to
extract the transformation rules from these pairs. We rst
quantied the label changes corresponding to each trans-
formation rule. As described in Section 2.4.2, we introduced
label_value to evaluate the transformation rules. If label_value
is greater than 0, it indicates a positive rule that favors the
conversion of non-NIR dyes to NIR dyes. The calculation
method for label_value is shown in eqn (1). Ultimately, we ob-
tained 1579 positive transformation rules, which were used for
structural optimization in Fluor-opt. Traditional MMPA do not
account for the transformation context, which could result in
low conversion success rates. To address this issue, we retained
the usage context for all positive transformation rules, meaning
we preserved all molecules that successfully underwent trans-
formation using the rule. These molecules then served as the
context for applying the rule.

(4) Molecular optimization: as shown in Fig. 8d, during the
optimization of the target molecule using transformation rules,
we rst introduced the hyperparameter similarity_value to
select the most suitable transformation rules for the target
molecule. similarity_value calculates the Tanimoto similarity
between the target molecule and the environment molecules
associated with each positive transformation rule, with the
similarity computed based on Morgan ngerprints. The utility
of similarity_value is described in Section 2.4.2, where it is
shown that as similarity increases, the success rate of
© 2025 The Author(s). Published by the Royal Society of Chemistry
optimizing the molecule into an NIR dye also increases. Upon
determining the transformation rules, Fluor-opt automatically
substitutes the substructures of target molecules to achieve
optimization, and evaluates the optimized molecules using the
NIR dye prediction model, retaining only those predicted as NIR
dyes. Finally, Fluor-pred performs detailed predictions of four
key photophysical properties for the identied NIR dyes.
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