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D-r—A-type fluorescent materials are crucial tools in life sciences and medicine, with their development
hinging on a precise understanding of fluorophore mechanisms, particularly twisted intramolecular charge
transfer (TICT) and planar intramolecular charge transfer (PICT) processes. These fluorophores exhibit
unique charge transfer properties, making them highly valuable in organic optoelectronics, fluorescent
probes, and sensors. However, despite their growing applications, the structural essence of TICT and PICT
fluorophores remains poorly understood. This often results in molecules with similar structures displaying
charge transfer modes that contradict design expectations, substantially hindering the application of TICT
and PICT fluorescent probes. In this study, we meticulously designed various computational strategies
based on interpretable machine learning to thoroughly deconstruct the chemical structural essence of
TICT and PICT fluorophores. Utilizing the first real-world TICT and PICT dataset, we constructed predictive
models that balance both interpretability and accuracy (area under the receiver operating characteristic
curve = 0.846) using a range of algorithms, including deep learning. We established artificial intelligence
(Al)-guided rules comprising 5 structural factors—electron-donating group strength, electron-withdrawing
group strength, alkyl cyclization, steric hindrance, and solvent-solute interactions—that influence TICT
and PICT. These rules provide obvious guidance for probe design based on molecular rigidity and charge
transfer driving forces. Compared to community-suggested rules, the Al-guided rules achieved an over
20% improvement in accuracy in a controlled evaluation. By applying these rules, we successfully
synthesized and validated several representative fluorophores that are challenging to distinguish using
chemical intuition alone. Both quantitative calculations and experimental results confirmed the accuracy
of the model and the practicality of the Al-guided rules. This novel approach is expected to establish a novel
paradigm for exploring ideal TICT and PICT molecules, offering a robust framework for future research
and application in fluorescent materials.
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Introduction

Owing to their unique optical characteristics and versatile func-
tionalities, D-n—A-type fluorescent materials have attracted
considerable attention in recent years. Fluorophores that emit
from an excited-state intramolecular charge transfer (ICT) are
prevalent [1-3], especially twisted intramolecular charge trans-
fer (TICT) and planar intramolecular charge transfer (PICT)
fluorophores, which exhibit excellent performance in applica-
tions such as organic optoelectronic materials, fluorescent
probes, and sensors due to their unique charge transfer proper-
ties [4-6]. In this work, TICT and PICT fluorophores are
defined to represent ICT systems without and with rotationally
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induced charge transfer, respectively. On excitation, the charge
transfer in D-n—A-type compounds often proceeds with drastic
conformational change; the bridge or covalent bond may twist
or flatten, leading to TICT or PICT, respectively [7,8]. In the
TICT process, the fluorophores undergo a conformational
change from a quasi-planar emissive state to an almost perpen-
dicular conformation through intramolecular bond rotation
[9-11]. The fluorescence of the molecule gradually quenches
with increasing degree of charge transfer during the locally
excited to TICT transformation, which involves intermediate
partially charge-transferred states retaining weak emission before
reaching the non-emissive TICT state [12-14]. Therefore, TICT
molecules are highly sensitive to their surrounding environment,
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including polarity, viscosity, and temperature [15-17]. To this
end, tuning the TICT state in fluorophores has been utilized in
many high-performance materials, such as polarity probes,
viscosity sensors, and luminescent materials with aggregation-
induced emission (AIE) [18-21]. In contrast, PICT fluoro-
phores generate efficient and rapid ICT without intramolecular
bond rotation, resulting in bright and stable fluorescence
[22,23]. Thus, we anticipate the development of PICT dyes with
sufficient brightness and photostability for applications in
radiometric fluorescent probes, organic light-emitting diodes,
etc. [24-26]. However, due to PICT fluorophores generating
ICT without bond rotation, PICT dyes lose some of their poten-
tial as sensors [27]. Although both TICT and PICT belong to
ICT, to distinguish whether a D-n—A-type fluorophore is TICT
or PICT, we need to evaluate the frontier orbital interactions
between the donor and the acceptor to effectively predict whether
fluorophores planarize or twist in the excited state [28]. In other
words, simply relying on the molecular structure or chemical
intuition does not allow us to accurately distinguish whether the
charge transfer in a specific molecule exhibits TICT or PICT,
leading to these molecules with similar structures exhibiting
charge transfer modes completely contrary to design [29], enor-
mously increasing the trial-and-error costs in the development
of fluorescent dyes and probes. Fluorescent dyes and probes are
currently experiencing a rapid evolution from empirical trial-
and-error strategies to rational molecular engineering [30-32].
In this evolution, the ability to precisely and quickly design
D-n-A-type molecules as TICT or PICT with minimal cost is
crucial for improving molecular design and developing high-
performance TICT or PICT materials. Unfortunately, we cur-
rently lack powerful tools to assist chemists in the rapid and
accurate design of TICT or PICT fluorophores.

Currently, quantitative calculation may serve as the only
tool to visualize the TICT and PICT state [33]. Wang et al.
[34] used time-dependent density functional theory to model
14 types of TICT organic fluorophores, establishing a reliable
computational framework for modeling TICT formation. By
using this approach, they designed a boron dipyrromethene-
based AIE luminogen that exhibited nearly unhindered TICT
rotation, leading to fluorescence quenching. In contrast, as
TICT formation is inhibited in the molecular aggregate, this
compound displayed bright emissions with 27-fold fluores-
cence. Zhong [35] also analyzed several classic TICT and
PICT molecules through quantitative calculation from molec-
ular structures, qualitative orbital interaction diagrams, and
quantitative energy decomposition analyses, revealing the
driving forces for TICT or PICT. Three driving forces were
identified: the energy gap, hole-electron interactions, and
excited-state relaxation. These studies have revealed the rea-
sons behind TICT and PICT to some extent from the per-
spective of frontier molecular orbital theory. Indeed, over
the past 2 decades, quantitative calculation has achieved
undeniable success in the design, development, and improve-
ment of fluorophores [36,37]. However, due to the high com-
plexity of quantitative calculation, quantitative molecular
design requires considering multiple factors, such as the
diversity of fluorophore structures, embedded environments,
and the choice of functionals. Misuse of quantitative calcula-
tion may lead to drastically different results, and due to their
heavy computational demands, quantitative calculations are
now primarily employed to offer supplementary insights into
mechanisms.
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The recent explosive growth of biomedical data with the
rapid development of computational software and hardware
and machine learning, including deep learning, has substan-
tially enhanced efficiency and innovation in drug research
and development [38,39]. Leveraging the powerful classifica-
tion capabilities of artificial intelligence (AI), Qiu et al. [40]
successfully developed a high-performance method based on
a quantum-mechanics-aided machine learning algorithm to
predict the AIE effect in triphenylamine fluorophores. Dong
etal. [41] and Zhu et al. [42] employed AI algorithms to
establish a novel multilevel framework for predicting organ-
elle-targeted fluorescent probes. Through machine learning,
they not only revealed the mechanisms by which fluorescent
probes target organelles but also provided researchers with
a new method to evaluate and design organelle-targeted
fluorescent probes beyond chemical intuition. Additionally,
Sumita et al. developed fluorescent molecules using a de novo
molecule generator coupled with quantum chemical compu-
tation, successfully generating 3,643 candidate fluorescent
molecules in 5 d. Their experimental validation showed that
the generator’s accuracy in designing fluorescent molecules
reached as high as 75% [43]. With this in mind, leveraging
AJ models may potentially overcome the current challenges
in developing TICT and PICT, thereby reducing costs and
improving efficiency in the development of fluorescent probes
and dyes.

Here, we propose a novel strategy that integrates advanced
interpretable machine learning with quantitative calculations
to deconstruct the structural essence of TICT and PICT fluo-
rophores, offering new insights into the precise design of
fluorescent probes (Fig. 1). Unlike traditional quantitative
computational methods, leveraging Al to deeply analyze the
chemical nature of TICT and PICT requires addressing several
key prerequisites: achieving a balance between accuracy and
computational efficiency while establishing a rigorous math-
ematical relationship between molecular structural information
and TICT and PICT properties. To this end, we first compiled
chemical knowledge recognizable by AI from a vast array of
real-world structures, constructing the first comprehensive
TICT and PICT dataset spanning a decade (2012 to 2022). In
the modeling process, we employed 12 traditional machine
learning algorithms and 1 deep learning algorithm, ranging
from simple to complex, to strike a balance between accuracy
and interpretability. By analyzing various model contribution
methods, we uncovered 5 design rules rooted in molecular
rigidity and charge transfer driving forces that govern TICT and
PICT behaviors. While these rules provide a groundbreaking
perspective for designing TICT and PICT molecules, the com-
plexity of the models may pose challenges for nonexperts to
understand and apply. To address this, we developed a more
intuitive and practical tool to visualize the stepwise differentia-
tion of TICT and PICT molecules, facilitating real-world appli-
cations. Compared to those designed using community-suggested
rules for probe design, TICT and PICT fluorophores designed
using our Al-guided rules demonstrated an obvious improve-
ment in accuracy. The applicability of our findings was further
validated through experimental methods and quantitative cal-
culations. By combining these innovative strategies, we have
established a novel approach that enables researchers to design
and control TICT and PICT states with greater precision and
rationality, thereby advancing the field and opening new ave-
nues for exploration.
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Fig. 1. Workflow for interpretable machine learning deconstruction of the structural essence of twisted intramolecular charge transfer (TICT) and planar intramolecular charge
transfer (PICT) fluorophores. SMILES, Simplified Molecular Input Line Entry System; 2D, 2-dimensional; 3D, 3-dimensional; ML, machine learning; DL, deep learning; RF, random
forest; SVM, support vector machine; SHAP, Shapley additive explanations; EDG, electron-donating group; EWG, electron-withdrawing group; Al, artificial intelligence; FL,
fluorescence; ACN, acetonitrile; MeOH, methanol; EA, ethyl acetate; DCM, dichloromethane; THF, tetrahydrofuran; DMSO, dimethyl sulfoxide; Gly, glycerol.

Results

Construction of the TICT and PICT dataset

Currently, accurately identifying TICT and PICT probe mol-
ecules beyond experimental determinations remains challeng-
ing, making the availability of data relatively scarce. To ensure
that our model is powerful enough, we manually collected data
from over 10,000 publications spanning the last 10 years (2012
to 2022). We used the potential energy surface (PES) scan
and corresponding conclusions from theoretical calculations
reported in the publications as criteria to determine whether a
molecule exhibits TICT or PICT behavior and initially gathered
over 3,000 molecules. After the initial screening process, we
ultimately identified 574 TICT molecules and 414 PICT mol-
ecules; their principal chemical scaffolds are listed in Fig.
Supplementary materials. These molecules were firstly manually
checked and then converted into InChIKey by using ChemDes
and PyBioMed [44]. Molecules with the same InChIKey and
label were deleted, while those with the same InChIKey but
different labels were separated and retained. Ultimately, 511
molecules with TICT properties and 369 molecules with PICT
properties were selected to build the dataset.

All molecules were calculated into 12 types of molecular
representations: 1 type of 2-dimensional (2D) descriptor,
3 types of semiempirical 3-dimensional (3D) descriptors
(Austin model 1 [AM1], parametric method 3 [PM3], and
modified neglect of diatomic overlap [MNDO]), and 8 types
of molecular fingerprints. The numbers of molecules for the
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3 types of 3D descriptors were calculated and are listed in
Table S1.

Accurate prediction of TICT and PICT probes

We employed various Al algorithms combined with different
molecular representations to establish a series of models to
select the best model (Fig. 2A). First, traditional machine
learning models were constructed by using 2D descriptors
and 8 types of molecular fingerprints. For each type of molec-
ular representation, the model was trained 50 times by differ-
ent training set splits, and the best-performing model was
selected from 12 algorithms each time (Table S2). As shown
in Fig. 2B, XGBoost with AtomPair fingerprint achieved the
best performance. The accuracy was 0.722 for the cross-
validation (CV) and 0.784 for the test set, and the area under
the receiver operating characteristic (ROC) curve (AUC)
values for both sets were 0.85 (Fig. 2F). Notably, other models
also achieved relatively good predictive performance, but they
exhibited an imbalance in predicting the 2 types of probes in
the test set, with a noticeable gap between sensitivity and
specificity. In contrast, XGBoost with AtomPair fingerprint
demonstrated a more balanced prediction of the 2 classes in
the test set (Fig. 2C and Fig. S3), with sensitivity and specific-
ity of 0.771 and 0.792, respectively. In combinations involving
semiempirical 3D descriptors, the AM1, PM3, and MNDO
methods all showed good performance, with the AM1 method
performing the best, achieving an accuracy of 0.73 in the test
set (Table S3).
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Fig. 2. The performance of models by different molecular descriptors and algorithms. (A)

The diagram illustrates the selection of molecular representations and algorithms in

model construction to determine the optimal model. (B) The heatmap shows the performance of models constructed using different molecular representations on the test set,

while the bar chart illustrates the differences in accuracy between the test set and cross-

refers to PubChemFP, MACCSFP, and PharmacoErGFP; and 12FP denotes all fingerprints
on the test set. “Support” represents the numbers of molecules in the test set. (D) The

validation. In the MoIMapNet results, MoIDS represents the descriptor channel; 3FP
in MolMapNet. (C) The classification report of the best model of XGBoost-AtomPair
loss curve of the best model based on MolMapNet. (E) The area under the receiver

operating characteristic (ROC) curve (AUC) of the best model based on MolMapNet. The model achieved an AUC of 0.834 during training process. (F) The ROC curve of the

best model of XGBoost—-AtomPair with an AUC of 0.846. ACC, accuracy; Prec., precision;

To further improve predictive accuracy, we employed a
popular deep learning framework, MolMapNet, which lever-
ages convolutional neural networks (CNNs) to predict drug
properties from a big-data and multifeature dimensional per-
spective. It is well suited for deep learning scenarios requir-
ing model interpretability. After tuning the parameters for
MolMapNet, we finalized a multichannel CNN model with
ROC-AUC as the metric, tanh as the activation function, and
uniform manifold approximation and projection as embed-
ding algorithm. The final best model incorporated 13 types
of continuous physicochemical and topological descriptors,
as well as PubChemFP, MACCSFP, and PharmacoErGFP fin-
gerprints. From the learning curve, it can be seen that this model
achieved an AUC of 0.834 (Fig. 2D and E) and stopped learn-
ing after 35 epochs. In the test set, the model also demon-
strated good predictive performance, with an overall accuracy
0f 0.716 and an AUC of 0.778 (Table S4). It is worth noting
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val_loss, validation loss; val_auc, validation AUC.

that MolMapNet’s performance was not as strong as that of
the XGBoost-AtomPair model. This may be attributed to the
deep learning models typically relying on large datasets to
effectively train their parameters and enhance generalization
capabilities. However, by integrating multiple descriptors,
MolMapNet still provides complementary insights in terms
of model interpretation. When all factors were considered,
the XGBoost-AtomPair model consistently outperformed
the others.

Interpretable contribution of important structures
to TICT and PICT

The contribution analysis of important structures pinpoints
the key structures that most influence the predictions of TICT
and PICT. While the feature importance may not be entirely
consistent due to differences between the selected algorithms,


https://doi.org/10.1126/research.1021

Research

the most important features always have relatively high
scores. Therefore, we chose the best models based on 4 dif-
ferent perspectives of descriptors for further interpretative
analysis.

Firstly, from the perspective of 2D descriptors, CatBoost-2D
was the best combination that suits for interpretation. We
selected 50 preprocessed 2D descriptors obtained through
recursive feature elimination (RFE) and calculated their con-
tributions to the model by using Shapley additive explanations
(SHAP) (Fig. S5). Among them, GCUT_SLOGP_0 was identi-
fied as the most important descriptor, which is related to adja-
cency and distance matrices and partial equalization of orbital
electronegativities (PEOE) partial charges. Additionally, SMR _
VSA7, Kier3, PEOE_VSA-0, balaban], and h_pstates were also
crucial descriptors for the model. These descriptors were related
to molar refractivity, subdivided surface area, molecular shape,
etc. Considering the differences in mechanisms and real-world
application scenarios of TICT and PICT molecules, their planar
and rotational energies are different (Fig. 3C); 3D descriptors
that include spatial structural information may offer insights
from a 3D perspective.

Secondly, from the perspective of 3D descriptors, it was also
observed that after incorporating 3D descriptors, the previously
identified important 2D descriptors still retained high scores.
At the same time, we also found several important 3D descrip-
tors. Specifically, vsurf CW2, vsurf_ CW3, and vsurf_DD23
were identified as key features calculated by the AM1 method.
These descriptors are associated with molecular surface area,
volume, and shape. Another set of important descriptors,
dipoleZ, DASA, and AM1_dipole, was highly dependent on
molecular conformation and represented charge distribution
within the molecule. Additionally, descriptors calculated by the
PM3 and MNDO methods, such as E_vdw (van der Waals
energy) and E_tor (torsional energy), captured the effects of
molecular strain and flexibility on electronic transitions (Fig.
3B and E and Figs. S6 and S7).

Thirdly, observing key molecular substructures, we interpreted
the CatBoost-Molecular ACCess System (MACCS) combination.
Although the XGBoost-AtomPair model exhibited the best predic-
tive performance, the AtomPair fingerprint is less intuitive for
structural interpretation compared to MACCS. Therefore, we
selected the CatBoost—-MACCS combination, the best-performing
model among those based on the MACCS fingerprint. Notably, 45
out of the top 50 important substructures identified by both feature
importance ranking and SHAP appeared repeatedly. MACCS150,
MACCS154, MACCS139, MACCS133, and MACCS164 were iden-
tified as the top 5 most important features (Fig. 3A and D). From
the SHAP methods, it can be observed that the presence of substruc-
tures MACCS150, MACCS133, MACCS148, and MACCS141 posi-
tively influenced the TICT properties of the molecules, while the
presence of MACCS154, MACCS139, MACCS164, and MACCS105
negatively impacted TICT properties. Figure 3F visualizes some
of these important substructures, while a comprehensive visual-
ization of all key MACCS fingerprints is shown in Fig. S9.

Finally, although MolMapNet’s predictive performance was
slightly lower than that of the best model, its deep learning
framework allows the simultaneous integration of multiple
descriptors and fingerprint types (Fig. 3G and H). Among the
1,369 descriptor features, most had relatively low importance
scores, with 12 of the top 20 as Estate (Electro-topological
State Atom Type) descriptors. The most important among
these were MINaasN, MAXsssN, MAXaasN, and MINsssN,
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all related to nitrogen atom charges, while autocorrelation
descriptors also greatly influenced the model. For the 1,303 fin-
gerprint features, contributions were concentrated in the top 200
features, with 128 PubChemFP features accounting for 47.30%
of the total importance score. MACCS and PharmacoErGFP fol-
lowed, contributing 24.74% and 9.51%, respectively. Among these,
PharmacoErGFP123, PharmacoErGFP124, PharmacoErGFP404,
and PharmacoErGFP125—primarily linked to aromaticity—stood
out as the most important, while MACCS158, MACCS148,
MACCS150, MACCS133, MACCS122, MACCS149, MACCS156,
and MACCSI165 also played key roles (Fig. S8). The molecular
representation information is shown in Tables S5 to S13.

Practical simplified model based on

interpretable descriptors

To facilitate the practicality of our findings, a streamlined and
practical model based on the interpretable descriptors was
established. Figure 4A displays the top 20 features most cor-
related with the true labels. We found that whether the descrip-
tors were positively or negatively correlated with the true labels,
the best correlation reached 0.67. This relatively high correla-
tion demonstrates the consistency of the interpretation of the
model. Furthermore, the distribution of samples across 5 key
descriptors shows that while there is some correlation between
individual descriptors and TICT or PICT, relying on just one
or a few descriptors is insufficient for accurate prediction (Fig.
4B). Recognizing the limitations of single descriptors in accu-
rately distinguishing TICT from PICT, we constructed a series
of simpler decision tree (DT) models based on MACCS finger-
prints and 2D + 3D descriptors to facilitate researchers’ more
direct understanding of how the model gradually distinguishes
between TICT and PICT (Fig. 4C and D). In these models, P(T)
and P(P) represent the probabilities of a molecule being pre-
dicted as TICT or PICT, respectively. The percentages in
parentheses indicate the proportion of samples at each node
relative to the total dataset. The DT model by MACCS finger-
prints achieved an accuracy of 0.724 and 0.710 for the CV and
test, respectively. The DT with 2D + 3D descriptors got lower
accuracies than the DT with MACCS fingerprint, with CV and
test accuracies of 0.646 and 0.647, respectively. Both of the
simplified DT models provide a balance between interpret-
ability and performance, making them valuable tools for quick
applications.

Deconstruction of the structural essence

of TICT and PICT

To deeply explore the mechanisms of TICT and PICT, we
deconstructed the structural essence of TICT and PICT
from the perspective of key descriptors. We found that many
descriptors are related to alkyl cyclization, steric hindrance,
and alterations in the interactions between the fluorophore
and the solvent. When these factors are enhanced in a fluo-
rophore, they tend to favor PICT, and the reverse trend
favors TICT. These findings align with some of the previ-
ously reported rules derived from chemical intuition [9].
Interestingly, we also observed that some descriptors related
to charge and energy are also important for TICT and PICT,
which are highly correlated with electron-donating group
(EDG) and electron-withdrawing group (EWG) strengths.
When the EDG and EWG strengths increase, the compound
tends to exhibit TICT, and the reverse favors PICT. In other
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words, TICT will not occur even under favorable external
conditions (e.g., steric hindrance and solvent effects) if the
EDG/EWG strengths are insufficient. Finally, 5 key rules
derived from scientific computational analysis were sum-
marized: EDG strength, EWG strength, alkyl cyclization,
steric hindrance, and solvent-solute interactions.
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Next, we systematically analyze how these descriptors influ-
ence the TICT and PICT process. The 5 categories of AI-guided
rules were summarized based on the molecular descriptors
selected from the best-performing models in this study. Spe-
cifically, descriptors calculated using 2D features, MACCS fin-

gerprints, and 3D descriptors obtained from the AMI and
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MNDO methods were derived from the CatBoost model, while
descriptors calculated using the PM3 method were derived
from the extra trees model. After combining and removing
duplicates, a total of 36 descriptors were included in the analy-
sis: 9 descriptors related to EDG strength, 9 related to EWG
strength, 5 related to steric hindrance, 5 related to solvent-
solute interactions, and 8 related to alkyl cyclization. Among
these fragments, MACCS133, MACCS141, and MACCS148
can combine into a dimethylamino group, and with MACCS150,
which is widely used as an EDG in conventional TICT fluoro-
phores. Both MACCS105 and MACCS148 are also critical
structural fragments. They represent molecular cyclization and
bulky steric groups, respectively, while increasing the steric of
the EDG also reduces interactions between the fluorophore
and the solvent. Additionally, many EWGs, such as carbonyl
(MACCS154) and cyano (MACCS78), could reduce the strength
of the EDG. Figure 5A shows the proportion of model contri-
bution calculated by SHAP from descriptors corresponding to
the 5 rules. It can be observed that EDG strength and EWG
strength account for a relatively large share, contributing 28.3%
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and 27.8%, respectively. As the EDG strength and EWG
strength increase, the electron transfer capability in the com-
pound also intensifies, making it more prone to the TICT pro-
cess. Conversely, when these strengths decrease, the compound
tends to favor the PICT process. In contrast, the contributions
of alkyl cyclization, steric hindrance, and solvent-solute inter-
actions are relatively smaller, accounting for 13.4%, 13.0%, and
17.5%, respectively. Alkyl cyclization could influence intramo-
lecular electron transfer pathways by altering molecular flexi-
bility and conformation. Steric hindrance introduces spatial
constraints, limiting intermolecular interactions, which can
stabilize or inhibit specific electron transfer processes. On the
other hand, solvent-solute interactions indicate that factors
such as solvent polarity and solute solubility can influence the
electron state or conformation of the molecule, altering its pref-
erence for TICT or PICT. These 5 key factors can serve as
Al-guided rules in future TICT and PICT molecular design.
To further provide a more straightforward explanation of
the Al-guided rules, we selected one TICT molecule and one
PICT molecule from the training set for analysis, both of which
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were representative examples of TICT and PICT molecules
(Fig. 5B and C). Here, we selected the MACCS-random forest
model, which combines strong interpretability and high predic-
tive accuracy, to perform a SHAP force plot analysis on these
2 molecules. In the force plot, a SHAP value closer to 1 indicates
that the molecule is more likely to be a TICT molecule, while
a SHAP value closer to 0 indicates a higher trend to a PICT
molecule. In the force diagrams, each segment reflects the con-
tribution of specific structural fragments to the prediction
outcomes. Here, MACCS = 1 indicates the presence of a con-
tributing fragment, while MACCS = 0 indicates its absence.
Highly influential fragments are visually highlighted and labeled
in the molecular structures. As shown in Fig. 5B and D, in
example 1, there is a strong EDG composed of MACCS133,
MACCS141, and MACCS148, as well as a strong EWG com-
posed of MACCS49 and MACCS78, which are conducive to
electron flow and thus more favorable to TICT. Furthermore,
the EDG in example 1 has minimal steric hindrance, leading
to its classification as a TICT (SHAP value = 0.70) molecule.
Similarly, in Fig. 5C and E, the EDG in example 2 is cyclized
by an alkyl group (MACCS105 and MACCS148), and it lacks
strong EDGs or EWGs, resulting in example 2 being classified
as a PICT (SHAP value = 0.45) molecule. This aligns with the
true reality of these 2 molecules. It should be noted that for an
individual sample, the key feature contributions determining
its classification (e.g., Fig. 5D and E) may not fully align with
the global rules, which is not unexpected.

Validation of Al-guided rules in TICT and

PICT probe design

To validate the practicality of the AI-guided rules, we designed
2 TICT and PICT molecular libraries: one based on commu-
nity-suggested rules and the other utilizing Al-guided rules.
We conducted a 3-level systematic evaluation to assess the dif-
ferences between the 2 design strategies. The first level involved
comparing the basic physicochemical properties of the 2 librar-
ies to ensure their comparability. The second level focused on
design accuracy. The third level validated the results through
a wet experiment and quantitative calculation.

The molecular library based on community-suggested rules
was designed by existing chemical intuition and structure-
property relationships, representing the most common rules
for designing TICT and PICT probes [9], which contains a total
of 83 molecules. While the AI-guided rules library consists of
509 molecules. In the first level, we compared the basic physi-
cochemical properties of the Al-guided molecular library, the
community-suggested molecular library, and the real TICT
and PICT dataset (Fig. 6A). The results show the 2 designed
libraries exhibit highly consistent properties with the real data-
set in terms of fundamental chemical space. Then, we further
analyzed the distribution and differences of these molecules
in the AI-guided molecular library and summarized their char-
acteristics. We applied principal component analysis to reduce
data dimensionality to minimize complexity and applied 4 dif-
ferent clustering methods, K-means, agglomerative clustering,
Gaussian mixture, and spectral clustering, ultimately group-
ing the molecules into 3 categories, which maximized the
separation between categories while maintaining intracluster
compactness, avoiding excessive clustering that might lead to
category overlap or noise (Fig. 6B). K-means achieved the best
clustering performance. Consequently, we conducted a struc-
tural feature analysis of each category of molecules and showed
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the typical scaffolds of each category (Fig. 6C to E). Specifically,
when summarizing all 3 categories of molecules, EDG and
EWG strengths accounted for the largest proportions at 23.7%
and 24.9%, respectively, while alkyl cyclization, steric hin-
drance, and solvent-solute interactions each remained around
17% (Fig. 6F). This similarity in proportion to the structural
essence demonstrates that the design of our library strictly
adheres to the Al-guided rules. In the second level, the mol-
ecules from these 2 libraries were fed into our best model to
predict whether these compounds exhibit a TICT or a PICT
state. The prediction results are shown in Fig. 6G and Fig.
S10. The library based on community-suggested rules got an
accuracy of 67.47%. It seems to be a reasonable accuracy in
designing TICT or PICT molecules, but there is still potential
for further improvement. In contrast, the Al-guided library
achieved an accuracy of 90.96%, improving by more than 20%
compared to the current state-of-the-art approach for precise
probe design.

However, the prediction results reveal that molecules with
highly similar structures may exhibit distinctly different out-
comes. In the third level, we selected 2 fluorophores with unre-
ported TICT or PICT properties, compound 1 and compound
2, whose mechanisms are hard to judge by chemical intuition
but were accurately predicted by our model, for further valida-
tion (Fig. 6G). Thus, we utilized the ADMETIab platform [45]
to evaluate the physicochemical properties and synthetic acces-
sibility of these compounds. Among the various characteristics
provided by ADMETIab 2.0 [46], LogS and LogP serve as key
indicators of compound solubility in water and lipids, respec-
tively. Additionally, synthetic accessibility provides a balanced
measure of feasibility and cost. Figure 6H to ] shows their dis-
tribution of LogS, LogP, and synthetic accessibility. Both of the
2 compounds have LogS and LogP values in the optimal range
for drug-like molecules and have an acceptable synthetic dif-
ficulty. We aim to validate the effectiveness of AI-guided rules
through quantitative calculation and wet experiments on these
2 molecules.

Theoretical calculation

For TICT molecules, excited-state PES scans serve as a crucial
qualitative method (Fig. 7A). After obtaining the most stable
ground-state conformations of each compound, we conducted
PES scans of their dihedral angles. For compound 1, we scanned
the n—A dihedral angle, finding that when this angle approaches
90°, the S, state reaches its lowest energy. This suggests that upon
excitation, the molecule only needs to overcome a barrier of
0.79 kcal/mol to relax to a near-90° conformation and can quickly
reach the TICT state (Fig. 7C). For compound 2, the PES scan
revealed that as the dihedral angle increases, the barrier of the S,
state also increases (Fig. 7B). This implies that this molecule can-
not reach the dark TICT state on excitation. Further analysis of
the electron-hole properties after excitation showed that com-
pound 2 exhibits a clear hybrid local and charge transfer (HLCT)
state with an oscillator strength of 0.81 (Fig. S13), confirming a
bright state. On the other hand, compound 1 exhibits HLCT char-
acteristics in the PICT state with an oscillator strength of 0.44,
also indicating a bright state. When reaching the TICT state, it
displays a fully charge-separated configuration with an oscillator
strength of 0 (Fig. S13), indicating a dark state. Notably, electron-
hole analysis calculations indicate that molecules undergo more
extensive ICT in the TICT state, with longer electron transfer
distances and higher transfer quantities (Fig. 7D to F).
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Synthesis of compound 1 and compound 2

The detailed synthesis process and nuclear magnetic resonance
and high-resolution mass spectrometry analysis can be found
in the Supplementary Materials.
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Spectroscopic properties of compound 1 and

compound 2
After obtaining compound 1 and compound 2, we first mea-
sured the ultraviolet spectra of compound 1 and compound 2
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Fig. 7. Validation results of compound 1 and compound 2. (A) Schematic diagram of the TICT mechanism. (B and C) The potential energy curves of TICT corresponding to
compound 2 and compound 1, respectively. The ground-state structure of all compounds was optimized using the Gaussian 16 software at the PBEQ/6-31G* level of theory,
and their excited states were calculated by TD-PBEQ/6-31G*. (D) Electron-hole analysis of compound 2 in the hybrid local and charge transfer (HLCT) state. Sr (spatial
overlap) quantifies the degree of spatial overlap between the electron and hole densities; a smaller Sr indicates a stronger charge transfer character. D (electron-hole centroid
distance) represents the distance between the centroids of the electron and hole densities, with a larger D corresponding to more pronounced charge separation. Net 1 —
2 (net charge transferred) denotes the net amount of charge transferred from the hole to the electron upon excitation. (E and F) Electron-hole analysis of compound 1 in
the PICT and TICT states, respectively. The single-point energy was calculated at the TD-PBEO/Def2-TZVP level. (G and H) Emission spectra of compound 1 and compound 2
in different solvents. (I) Fluorescence intensity response of compound 1 at 414-nm excitation as a function of viscosity. (J) Relationship between fluorescence intensity and
viscosity for compound 1. (K) Imaging of the viscosity response of compound 1 and compound 2 in cells. The scale bar is 20 pm. LE, locally excited; ICT, intramolecular charge
transfer; Chole, hole contribution; Cele, electron contribution.

in different solvents (Table S14). As shown in Figs. S11 and S12,
compound 1 exhibits a distinct absorption band with a peak of
around 414 nm, whereas compound 2 shows an absorption
peak of around 360 nm. Subsequently, we measured the emis-
sion spectrum of the 2 compounds in different solvents. As seen
in Fig. 7G and H, compound 1 shows strong fluorescence only
in glycerol (554 nm), while the fluorescence intensity of com-
pound 2 varies with solvent polarity, indicating that compound
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1 responds to viscosity rather than polarity. Next, we conducted
a quantitative evaluation of the viscosity response of compound
1 in mixed solvents of methanol and glycerol at different ratios.
In Fig. 71, the fluorescence intensity at 554 nm increases as the
proportion of glycerol rises, ultimately enhancing the fluores-
cence intensity 133-fold as the viscosity increases from 1.24 to
942 cP. More importantly, good linearity was displayed between
Log(Iss,) and Log(#) based on a Forster-Hoffmann equation of
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Log(Is5,) = 0.7260Log(n) + 0.4931, the linear coefficient is
0.9870 (Fig. 7]). This confirms that compound 1 has viscosity-
sensitive characteristics, where an increase in viscosity restricts
intramolecular bond rotation, thus inhibiting TICT and enhanc-
ing fluorescence emission. The spectral properties of com-
pound 2 suggest that fluorescence emission occurs without the
need for intramolecular bond rotation, aligning with the PICT
mechanism. Generally, the above results are consistent with the
quantitative calculation, which established a reliable ground-
work for the subsequent imaging investigations.

Monitoring the variations in mitochondrial

viscosity in living cells

Currently, many TICT-based fluorescent probes are used to
detect intracellular viscosity changes [47-49]. Following the
successful in vitro responses of the 2 compounds, additional
cellular imaging experiments were performed to validate the
proposed mechanisms of compound 1 and compound 2. We
investigated their ability to detect viscosity changes in cells
by Hepal-6 cells for bioimaging. It has been reported that
nystatin can induce structural changes and swelling in mitochon-
dria, thereby increasing intracellular viscosity [50]. Therefore,
nystatin can be used as a viscosity inducer to evaluate the
visualization of mitochondrial viscosity in Hepal-6 cells.
After incubating Hepal-6 cells with 10 pM compound 1 and
compound 2 for 30 min, we added 10 pM nystatin and con-
tinued incubation. As shown in Fig. 7K and Fig. S15, the fluo-
rescence intensity of compound 1 with nystatin gradually
increased over time compared to that of compound 1 alone.
This indicates that compound 1 is also responsive to viscosity
in live cells. In contrast, compound 2 showed a high fluores-
cence intensity without nystatin incubation, and its fluores-
cence intensity did not change obviously with prolonged
incubation with nystatin. These comprehensive experiments
confirm that compound 1 exhibits TICT, while compound 2
exhibits PICT, successfully validating the accuracy of our Al
model in predicting the TICT and PICT molecules.

Discussion

Al-based prediction of TICT and PICT differs evidently from
other conventional molecular properties’ predictions. TICT
and PICT involve complex electronic interactions and dynamic
behavior, unlike properties such as polarity or hydrophilicity,
which can often be predicted using simpler descriptors.
However, TICT and PICT prediction faces challenges in terms
of molecular standards, method selection, and even data
processing.

Since, as far as we know, TICT and PICT prediction models
have not been reported yet, we were unable to make direct
comparisons with similar models. During the modeling pro-
cess, we conducted a comprehensive comparison of descriptor
attempts, model balance, and the cost-effectiveness of the mod-
els. This is also why many of the attempted results were not
ultimately selected. The AtomPair fingerprints with the XGBoost
algorithm exhibited the best performance, with CV and test set
accuracies of 0.722 and 0.784, respectively. Notably, although
other combinations also have good performance, they showed
an imbalance in predicting the 2 types of probes in the test set,
with a noticeable gap in sensitivity and specificity. In contrast,
the combination of AtomPair fingerprints with the XGBoost
algorithm not only achieved the best predictive performance
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but also maintained a balanced prediction, with sensitivity and
specificity of 0.771 and 0.792, respectively. Beyond the combi-
nation of algorithms and descriptors, the 3D information and
the convolutional methods for extracting features also affected
model performance. After incorporating 3D descriptors, the
model’s performance did not show obvious improvement.
Considering the computational cost, we believe that this model
is not suitable for large-scale calculations in the future.
Additionally, MolMapNet did not perform as well as the previ-
ous best model, but it still achieved a decent prediction accu-
racy of 0.716 and showed a good reclassification balance. It
cannot be denied that as the data size increases, CNN models
may achieve more robust performance.

The complex mechanisms of TICT and PICT still pose chal-
lenges for chemists, but benefiting from the model’s strong
interpretability, we deconstruct these core substructures and
physicochemical properties that influence the TICT and PICT
processes, which can be summarized into 5 Al-guided rules:
EDG strength, EWG strength, alkyl cyclization, steric hin-
drance, and solvent-solute interactions. These rules can not
only be explained from an algorithmic perspective but also
effectively be linked to chemical mechanisms. The TICT pro-
cess typically requires dramatic conformational twisting of the
molecule in the excited state. This twisting helps to minimize
n-n orbital overlap between the donor and acceptor regions,
resulting in prominent intramolecular charge separation. In
contrast, the PICT process tends to maintain the planar con-
figuration between the donor and acceptor to enhance n-n
electronic conjugation and orbital overlap. Specifically, stronger
EDGs enhance the electron-donating capability toward the
acceptor region and, in combination with strong EWGs, effec-
tively facilitate the redistribution of electronic density. Due to
TICT’s reliance on rapid intramolecular charge separation,
strong EDGs and EWGs provide sufficient driving force for
charge transfer. Conversely, weaker EDGs and EWGs reduce
the electronic density difference between the donor and the
acceptor, lowering the driving force for twisting and preserving
molecular planarity, which is favorable for forming a stable
PICT state. Besides EDG and EWG strengths, alkyl cyclization,
steric hindrance, and solvent-solute interactions also play
important roles in regulating molecular twisting and planarity
in TICT and PICT processes. Alkyl cyclization primarily affects
conformational changes by modulating molecular rigidity.
Cyclized molecules typically exhibit higher rigidity and planar-
ity. This rigidity can restrict the rotation of molecular frag-
ments, thereby suppressing TICT and promoting PICT. However,
excessive alkyl cyclization might disrupt molecular planarity
and disturb the conjugated system, reducing PICT efficiency.
The mechanisms of steric hindrance and solvent-solute interac-
tions are similar, as both influence the rotational freedom of
molecular fragments to regulate TICT and PICT processes.
Smaller steric hindrance and highly polar solvents lower rota-
tional barriers, facilitating conformational twisting between
donor and acceptor regions, thus favoring the TICT process.
In contrast, larger steric hindrance and low-polarity solvents
limit rotational freedom, maintaining molecular planarity and
stabilizing m1—n conjugation, which supports the formation of
a stable PICT state. The key substructures may provide a more
intuitive explanation of factors affecting TICT and PICT.
From a thermodynamic perspective, the traditional chemical
design of TICT and PICT molecules often overlooks the heavy
dependency of ICT on the strength of EDGs and EWGs.
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For example, dialkylamino groups composed of MACCS133,
MACCS141, and MACCS148 exhibit strong electron-donating
capabilities and are among the most commonly used EDGs in
TICT systems. The EWGs corresponding to fragments such as
MACCS78, MACCS119, and MACCS154 possess strong elec-
tron-withdrawing abilities, thereby greatly facilitating electron
flow and the formation and stabilization of the TICT state.
From a kinetic perspective, MACCS105 and MACCS148 can
regulate the alkyl cyclization of EDGs and increase steric hin-
drance to control TICT and PICT states. For example, when
the EDG is a dimethylamino group, it possesses strong electron-
donating ability and can rotate in the excited state to achieve
TICT. However, as the alkyl chain lengthens or cyclizes, these
changes directly inhibit intramolecular bond rotation, thereby
suppressing the TICT process and instead favoring the formation
of the PICT state. It is worth noting that it is challenging to
directly observe the conformational and charge-related proper-
ties of molecules, which makes it difficult to quickly and accu-
rately distinguish TICT from PICT based solely on chemical
intuition. However, our models could rapidly and accurately
predict TICT and PICT molecules, markedly improving the effi-
ciency of designing TICT and PICT molecules. Recognizing that
not all researchers may be familiar with complex models, we also
developed a simplified version that balances both accuracy and
interpretability to make it more accessible for researchers to apply
in real-world design scenarios.

The effectiveness of Al-guided rules is crucial for their prac-
tical application. In validating the practical application of the
Al-guided rules for TICT and PICT, the molecular library
designed based on Al-guided rules achieved an accuracy 23.5%
higher than that of the library based on community-suggested
rules in a similar chemical space. It was indicated that even
on the foundation of existing precise design strategies, our
Al-guided rules can still greatly enhance the design efficiency
of TICT and PICT probes. This result was fully validated
through both quantitative calculations and wet experiments.
According to our quantitative calculation results for the 2 rep-
resentative fluorophores, the PES curve shows that compound
1 requires a much lower energy barrier to undergo TICT com-
pared to compound 2. Moreover, the electron-hole analysis
reveals that the oscillator strength for compound 1 in the TICT
state is 0, while for compound 2 it is 0.81, and the charge trans-
fer amount for compound 1 in the TICT state is greater than
that in its PICT state. All of these findings support the conclu-
sion that compound 1 is a TICT molecule, whereas compound
2 is a PICT molecule. This view was also validated experi-
mentally: when external conditions restricted the rotation of
compound 1, its fluorescence intensity increased, whereas
compound 2 showed no such response. These phenomena also
remind us that although TICT and PICT molecules may have
similar structures, they can exhibit different forms of electron
transfer, which could impact the judgment in distinguishing
between them.

Considering the mechanisms and analyses discussed above,
it is worth noting that further efforts are required to enhance
predictive performance. The imbalance of TICT and PICT
molecules in the dataset can lead to misclassification of the
minority class. That means that we need to further expand the
dataset for the model. With the continued accumulation of
experimental data in the future, increasingly diverse datasets
will be incorporated to further iterate and refine our model,
thereby enhancing its applicability and robustness. Developing
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innovative descriptors capable of interpreting the photophysical
behavior of fluorescent molecules could better elucidate their
underlying mechanisms and ultimately boost the model’s pre-
dictive accuracy and specificity.

In conclusion, we propose a novel Al-based approach to
deconstructing the structural essence of TICT and PICT with-
out relying on extensive computational costs, thereby facilitat-
ing the rational design of corresponding fluorescent probes.
We first collected a high-quality dataset of TICT and PICT
molecules and established a series of machine learning models
for distinguishing between TICT and PICT molecules. The best
model achieved an accuracy of 0.784 for the test set. More
importantly, benefiting from the model’s excellent interpret-
ability, 5 Al-guided rules based on molecular rigidity and
charge transfer driving forces that influence TICT and PICT
were uncovered: EDG strength, EWG strength, alkyl cycliza-
tion, steric hindrance, and solvent-solute interactions. We also
created a more intuitive and practical tool to make it more
accessible for researchers to apply in real-world design sce-
narios. Compared to those designed by community-suggested
rules for probe precise design, TICT and PICT fluorophores
designed by AI-guided rules achieved obvious improvement;
the accuracy of our design increased from 67.47% to 90.96%.
This result was fully validated through both quantitative cal-
culations and wet experiments. Therefore, we believe that this
work not only effectively deconstructs the structural essence
of TICT and PICT but also moves a step closer to the intelligent
design of their molecular probes.

Materials and Methods

Molecular representation

The properties of TICT and PICT molecules are determined by
the combined effects of their 2D and 3D structures and physico-
chemical properties. In this study, various molecular descriptors
and fingerprints were calculated to represent the physicochemical
properties of the compounds. The MOE software (version 2018,
Chemical Computing Group, Montreal, QC, Canada) was used
to calculate 206 2D descriptors. RDKit, CDK, and jCompound-
Mapper software programs were used to calculate AtomPair,
ECFP4, MACCS, CDK, PubChem, DFS, AP3D, and AT3D fin-
gerprints. ChemDes [51] provides detailed information of these
fingerprints. Considering the specific properties of TICT and
PICT molecules, we also calculated semiempirical calculations
on the probe molecules using MOPAC2016 software to obtain
their lowest energy conformations, which were used to calculate
3D descriptors by the MOE software. These 3D descriptors were
related to potential energy, volume, and conformation-dependent
charges.

Machine learning algorithms

To identify the most suitable machine learning models for
TICT and PICT molecules, we employed 12 classical algo-
rithms, including logistic regression, naive Bayes, DT, radial
basis function network, support vector machine, multilayer
perceptron, random forest, AdaBoost, gradient boosting clas-
sifier, extra trees, XGBoost, LightGBM, and CatBoost. They
were implemented in a customized Python (3.8.13) environ-
ment equipped with scikit-learn (0.23.2), XGBoost (1.6.2),
CatBoost (1.1), LightGBM (3.3.2), and PyCaret (2.3.10). All
algorithms were first compared for robustness and predictive
performance using PyCaret, after which the selected algorithm
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was used for model construction and tuning. For all models
using classical algorithms, 80% of the randomly partitioned
dataset was used for the training set, while the remaining 20%
served as the test set to assess model performance. Additionally,
a 5-fold CV was applied on the training set to ensure the robust-
ness of the models.

Considering the strong capability of deep learning in identifying
nonlinear patterns, MolMapNet was chosen as a representative
deep learning method for the comparison [52]. For MolMapNet,
the dataset was randomly split into training, validation, and test
sets in an 8:1:1 ratio (Fig. S4). The MolMapNet model was built
using TensorFlow 2.9.1 on GeForce GTX 1080 Ti.

Model evaluation metrics

We selected 7 metrics to evaluate the model’s performance:
Accuracy (ACC) represents the proportion of correct predictions
and reflects the overall accuracy of the model. Precision measures
the accuracy of positive predictions, while recall and sensitiv-
ity (SE) assess the model’s ability to identify positive samples.
Specificity (SP) measures the ability to identify negative samples.
The F1 score (F1) is the harmonic mean of precision and recall,
while the AUC measures the model’s ability to discriminate
between positive and negative samples.

Feature selection and explanation

For descriptor features, descriptors with a variance less than
0.05 and those with high correlations (greater than 0.95) were
removed. Additionally, RFE was further identifying critical
impact features on the model. In this process, RFE removes the
least important features based on feature importance scores
from the model to obtain the feature with the highest accuracy
to eliminate redundant features and reduce computational costs
(Fig. S2). We applied the SHAP method (SHAP, version 0.41.0)
to assess the contribution of individual features. The Shapley
values quantify how each feature affects the prediction, and this
value possesses an additive property to provide a global over-
view of feature importance. Crucially, Shapley values reveal the
effect direction of each feature in a single prediction to help us
attribute prediction errors. In addition, feature importance
scores from the model are used to further explore the contribu-
tion levels of different features in the model.

Theoretical calculation

Currently, quantitative calculation is an essential tool for inter-
preting the emission mechanisms of fluorescent molecules.
Especially for fluorescent molecules with dark-state character-
istics, quantitative calculation becomes necessary for under-
standing their properties. Here, we used MOE to perform a
conformational search on each compound to obtain the struc-
ture with the lowest energy. Then, we optimized the ground-
state structure of each compound by Gaussian 16 [53] based
on PBE0/6-31g*. Frequency calculations confirmed the absence
of imaginary frequencies, indicating that these are indeed the
optimal structures. To verify whether these compounds exhibit
TICT properties, we performed PES scans of the first excited
state for each compound based on TD-PBE0/6-31g* to study
their relaxation pathways after excitation. Additionally, we con-
ducted excited-state single-point energy calculations based
on TD-PBEO0/Def2-TZVP for each compound and employed
Multiwfn [54] to perform electron-hole analysis, which inves-
tigates their properties upon excitation.
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Chemical experimental characterization

The materials and instruments, detailed synthesis process, and
intracellular viscosity imaging methods can be found in the
Supporting Materials.

Spectrometric determination

For spectroscopic measurements, the compound was dissolved
in dimethyl sulfoxide to prepare a 10 mM stock solution. Except
when noted otherwise, a final concentration of 10 pM was
applied in all experiments. In the viscosity detection experi-
ment, methanol and glycerol were mixed in different propor-
tions to obtain solutions with viscosities ranging from 1.24 cP
(100% methanol) to 942 cP (100% glycerol). The excitation
wavelength was set at 414 nm, and the fluorescence signal was
recorded at 554 nm. The slit width was 20 nm for both excita-
tion and emission separately.

Living cell imaging

Hepal-6 cells were cultured in 6-well plates for 24 h, followed by
incubation with 10 pM compound for 30 min, and then washed 3
times with phosphate-buffered saline buffer (pH = 7.4). Next, the
cells were treated with nystatin (10 pM), and the corresponding
medium was replaced with fresh medium. The intracellular viscos-
ity was imaged, and fluorescence images of the cells were captured
every 30 min using a confocal laser scanning microscope.
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