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ABSTRACT: The rational design of aggregation-induced emission (AIE)
luminogens presents a significant challenge in molecular photophysics,
requiring approaches that connect mechanistic understanding with
practical molecular screening. This work uses the electronic-energy
difference between the S1/S0 minimum-energy conical intersection
(MECI) and the vertically accessed Franck−Condon S1 state, ΔE(MECI
− FCS1), as an efficient descriptor of conical-intersection accessibility. We
compile quantum-chemical labels for 228 structure-matched polycyclic
aromatic molecules and develop a dual-model strategy that combines an
interpretable fingerprint-based model with a Uni-Mol model for rapid
property prediction. In an external panel of literature luminogens, the
predicted values are significantly lower for AIE molecules than those for
aggregation-caused-quenching (ACQ) molecules, supporting an empirical
operating threshold near 0.6 eV. This threshold provides an efficient first-pass guide for prioritizing candidates with accessible CI
channels, substantially narrowing the pool for subsequent validation. The resulting workflow connects mechanistic insight,
interpretable design rules, and high-throughput screening, providing an efficient platform for accelerating the discovery of novel
AIEgens.

■ INTRODUCTION
The discovery of aggregation-induced emission (AIE) in 2001
by Tang’s group represents a landmark achievement in
photophysics and materials science.1 In stark contrast to the
conventional aggregation-caused quenching (ACQ) effect, AIE
luminogens (AIEgens) exhibit weak or no emission in the
dissolved state but demonstrate significantly enhanced
luminescence upon aggregation or in the solid state.2,3 This
unique phenomenon has unlocked immense application
potential across diverse fields,4−8 including solid-state organic
light-emitting devices,9−13 bioimaging,14−17 chemical sens-
ing,18−20 and environmental monitoring.21−23 The perform-
ance of AIEgens, however, is critically governed by their
molecular structure and the precise packing modes in the
aggregated state.24−29 Consequently, transcending traditional
trial-and-error approaches to enable the rational and efficient
design of AIE molecules remains a central challenge for
advancing the field.30−32

The mechanistic understanding of AIE is predominantly
attributed to the restriction of intramolecular motion (RIM) in
the aggregate state, which suppresses nonradiative decay
pathways and promotes radiative transitions.2,33 It is note-
worthy, however, that other photophysical processes, such as
the formation of J-aggregates with specific stacking modes, can
also lead to enhanced emission in the solid state, broadening
the conceptual framework of AIE.25,34 Quantum chemical
calculations, particularly time-dependent density functional

theory (TDDFT) and its advanced variants such as spin-flip
TDDFT (SF-TDDFT), coupled with theories such as the
thermal vibration correlation function (TVCF), have proven
indispensable for elucidating these complex photophysical
processes.35−37 They also permit direct characterization of the
relative electronic energy of an S1/S0 conical-intersection
region with respect to the Franck−Condon excited state,
providing a computable measure of the energetic accessibility
of this nonradiative channel.38−40 Despite their precision, these
first-principles methods are computationally prohibitive and
require significant expertise, rendering them impractical for
large-scale chemical space exploration and constituting a major
bottleneck for the high-throughput screening and rational
design of AIEgens.
Machine learning (ML) has emerged as a transformative

paradigm for accelerating the discovery of functional molecules
by learning intricate structure−property relationships from
existing chemical data.41,42 The utility of different ML
algorithms in molecular design, however, varies profoundly,
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rooted in their fundamental approaches to molecular
representation. On one hand, tree-based descriptor models
such as XGBoost and CatBoost, which rely on human-
engineered molecular descriptors (e.g., Morgan fingerprints),
can be interpreted using feature-attribution methods.43−46

They facilitate the tracing of atomic or functional group
contributions, providing chemists with intuitive guidance for
structural modification. Conversely, three-dimensional deep
learning models, such as Uni-Mol, learn feature representations
directly from atomic coordinates.47 This approach inherently
captures critical three-dimensional structural and conforma-
tional information, typically leading to superior predictive
accuracy,48 albeit at the cost of interpretability, often resulting
in “black-box” models.49 Thus, for the complex task of AIE
molecular design, interpretable models excel at guiding
structural modifications, while high-accuracy deep learning
models are superior at providing precise, quantitative
predictions of key photophysical properties.
Informed by this complementarity, we present an integrated

computational workflow for the rational design of AIEgens,
underpinned by 228 structure-matched values of the
electronic-energy difference between the S1/S0 minimum-
energy conical intersection (MECI) and the vertically accessed
Franck−Condon S1 state, i.e., ΔE(MECI − FCS1). This
descriptor places the MECI electronic energy relative to the
vertical S1 state at the optimized S0 geometry. While our
previous studies used the Gibbs free-energy barrier as a
descriptor,39,40 the present work uses this purely electronic
property since it avoids computationally expensive frequency
analysis and, in fact, it is strongly correlated to ΔG(MECI −
FCS1) as detailed in our calculation. Our workflow employs
two complementary models: a fingerprint-based model for
interpretable structure−property analysis and a Uni-Mol model
for rapid prediction from three-dimensional ground-state
geometries. The Uni-Mol predictions further reproduce a
lower-ΔE trend for an external panel of literature AIE
molecules relative to ACQ molecules, which validates its
generalizability to various organic fluorophores. Together,
these components provide a practical platform for molecular
prioritization that is designed to feed into subsequent
quantum-chemical and experimental validation.

■ METHOD

Physical Basis of AIE and the ΔE(MECI − FCS1) Descriptor

The AIE phenomenon arises when radiative decay competes
more favorably against nonradiative channels upon aggrega-
tion. In solution, low-frequency out-of-plane and torsional
motions open efficient internal-conversion pathways, quench-
ing fluorescence; in the aggregate/solid, these motions are
sterically restricted, nonradiative channels are throttled, and
the photoluminescence quantum yield (PLQY) increases.2,4,33

Among nonradiative pathways, the S1/S0 minimum-energy
conical intersection (MECI) provides a particularly efficient
funnel for radiationless decay, typically accessed by a large out-
of-plane “puckering/twist” along a specific geometric coor-
dinate (e.g., central-ring pyramidalization).50 The basic kinetic
picture is

= + + =k k k k
k

k
,tot r nr

TVCF
nr
MECI

fl
r

tot (1)

where knrTVCF captures harmonic-region internal conversion
(and, when relevant, ISC), and knrMECI denotes relaxation
through the conical-intersection region.
We quantify the relative electronic energy of this crossing

region by

=E E ER R(MECI FCS ) ( ) ( )1 S MECI S S min0 1 0 (2)

where FCS1 is the vertically excited S1 state evaluated at the
optimized S0 geometry. The S0 root is used for the MECI
energy; the S0 and S1 roots are degenerate at an ideally
converged intersection. A smaller ΔE(MECI − FCS1) places
the crossing region lower relative to the initially accessed
excited-state configuration and therefore indicates greater
electronic accessibility of a CI-mediated relaxation channel.
Note that in the gas-phase isolated-molecule model used

here, a smaller ΔE is consistent with a potentially efficient
nonradiative pathway in the unconstrained state. It does not,
by itself, determine the molecular emission efficiency or
aggregate-state photoluminescence quantum yield. AIE
becomes plausible only when access to this channel requires
a large-amplitude deformation that is selectively restricted
upon aggregation. Rigorous validation requires the computa-
tion of the same quantity in the aggregated or crystallized state,
which is unfortunately hard to be obtained both theoretically
and experimentally for novel molecules. The gas-phase energy
difference we choose in this work can therefore serve as a quick
first-pass screening protocol to improve the efficiency of novel
AIE molecule design.
All electronic energies required for the labels were computed

with spin-flip time-dependent density functional theory (SF-
TDDFT)35 using the def2-SVP basis and the long-range-
corrected ωB97X-D functional, with the range-separation
parameter ω tuned per molecular system so that the
Koopmans’ theorem is guaranteed.51,52 Calculations were
performed in Q-CHEM 5.3.53,54 The optimized S0 geometry
supplies both the molecular coordinates used by the machine-
learning model and the geometry for the vertical S1 energy.
The S1/S0 MECI was located with the penalty-function
approach using α = 0.02 a.u. and σ = 3.5. The MECI search
was initiated from the Franck−Condon point, i.e., the vertical
S1 geometry at the optimized S0 structure.55 Further
computational details are provided in the Supporting
Information.
Data Set Construction

Following earlier findings,39,40 we focus on the S1/S0 MECI of
fused aromatic rings. Detailed illustrations and a quantitative
conformational analysis of anthracene-derived MECI struc-
tures were provided in our previous study,40 in which the
noncoplanarity of the anthracene framework was characterized
using three interplanar dihedral angles. That analysis showed
that the dominant MECI deformation of anthracene and most
monosubstituted derivatives is localized around the central
ring, particularly along the C9−X bond, where X denotes
hydrogen or a substituent, producing pronounced out-of-plane
puckering. It is this large-amplitude central-ring deformation
that provides the mechanistic basis considered in the present
work. The present target, ΔE(MECI − FCS1), quantifies the
electronic accessibility of this crossing region from the initially
excited configuration. Aggregation can suppress the associated
nonradiative channel by restricting the required out-of-plane
deformation. Note that this purely electronic property ΔE is
computationally more efficient and is strongly correlated with
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the Gibbs free-energy barrier ΔG used in our previous studies
for the anthracene derivatives (Figure S1). The vibrational and
thermal corrections do not significantly alter the relative
ordering of MECI accessibility for the polycyclic systems
examined here. This correlation justifies the use of ΔE as a
computationally efficient proxy for the more expensive ΔG in
the present screening workflow.
For clarity, the molecular library is summarized in Scheme 1,

which presents the three parent polycyclic aromatic hydro-
carbon scaffolds and their atom-numbering conventions, the
substituent library, and representative substituted molecules
constructed from these components.
Guided by these principles, we first design 17 disubstituted

anthracene derivatives. We then extend this molecular
framework to a broader data set of polycyclic aromatics,
including naphthalene, anthracene, and pyrene, chosen for
their versatile substitution sites and inherently high thermal
stability. To systematically explore isomerism, we include
various N(CH )3 2 disubstitution patterns on naphthalene and
pyrene, covering ortho-, meta-, and para-relationships. This
enumeration produced an initial pool of 244 designed
structures; 228 structures with matched ΔE labels and
ground-state geometries were retained for the present model.
For each structure-matched molecule, the supervised-

learning label is ΔE(MECI − FCS1) from eq 2. After matching
the electronic-energy records to optimized S0 structures and
applying the model-input checks, 228 molecules were retained
for the present Uni-Mol study. Their labels span −0.914 to
2.609 eV. The data set was randomly divided at an
approximately 9:1 ratio using stratification across the ΔE
distribution, yielding a training set of 204 molecules and an
independent held-out test set of 24 molecules.

Pretrained SE(3) 3D Encoder for End-to-End ΔE Prediction

Direct evaluation of ΔE(MECI − FCS1) requires a vertical
excited-state calculation and an S1/S0 MECI optimization for
every molecule, which is prohibitive for high-throughput
screening. We therefore adopt an end-to-end regressor that
maps a relaxed ground-state geometry (Z, R) (atomic types
and Cartesian coordinates) to ΔE. Because the labeled set
contains 228 molecules, we leverage a large pretrained 3D
encoder to improve data efficiency.47

We use the Uni-Mol model, a 3D molecular representation
learner whose backbone is a transformer with pair
representations and an SE(3)-equivariant coordinate head.
Uni-Mol is pretrained by self-supervision on 209M molecular
conformations (and, separately, on 3M protein pockets), then
fine-tuned on downstream tasks.47 The molecular pretraining
corpus was constructed from approximately 19 million
normalized and deduplicated organic molecules collected
from large molecular databases, including ZINC and
ChEMBL. For each molecule, ten three-dimensional con-
formations were generated using RDKit and supplemented by
one two-dimensional conformation derived from the molecular
graph, yielding approximately 209 million conformations in
total. The published description of the corpus does not provide
a molecule-by-molecule inventory; therefore, it is not possible
to determine whether anthracene and pyrene were explicitly
included. Importantly, even if these parent scaffolds were
present in the unlabeled pretraining corpus, no ΔE(MECI −
FCS1), MECI, excited-state, or AIE/ACQ labels were used
during pretraining. Pretraining combines three losses on
corrupted conformations: masked-atom prediction, pair-dis-
tance regression, and SE(3)-equivariant coordinate denoising;
the total loss is the (rescaled) sum of these components. For
scalar property prediction, a learnable [CLS] token is
prepended to the atom sequence. After processing by the
transformer encoder, its final hidden state aggregates the

Scheme 1. Molecular Library Used in This Worka

aThe left panel shows the naphthalene, anthracene, and pyrene parent scaffolds and their atom-numbering conventions; blue numbers denote the
selected substitution sites. The center panel shows the substituent library. The right panel shows representative substituted molecules constructed
by combining the parent scaffolds and substituents.
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atomic and three-dimensional pair-representation information
on the entire molecule and serves as the molecule-level input
to the regression head. In this regression task, [CLS]
functions as a global summary token rather than a classification
label.
Formally, let Eϕ denote the pretrained encoder producing a

molecular embedding z = Eϕ(Z, R). For rigid motions
×Q t( , ) SO(3) 3, Uni-Mol’s representation used for

scalar prediction is invariant

+ =E EZ RQ 1t Z R( , ) ( , ) (3)

whereas its coordinate head (used during pretraining) is
equivariant

+ = +RQ 1t R Q 1t( ) ( ) (4)

consistent with the update rule of the SE(3)-equivariant
head.56,57 We then learn a regressor gψ such that

=E g E Z R( ( , )) (5)

optimized by mean-squared error

=
| |

E g E Z R
1

( ( ( , )))
i

i i iMSE
2

(6)

where θ = (ϕ, ψ) collects trainable parameters. In practice, we
initialize from the Uni-Mol v1 molecular checkpoint, feed
relaxed S0 coordinates, pool via [CLS], and fine-tune a default
head (dropout-linear-tanh-dropout-linear) using
unimol_tools. This transfer setting imports general
geometry priors learned from a large unlabeled 3D corpus,
improving data efficiency and regularization on the present
{ } =EZ R( , , )i i i i 1

228 set while preserving the correct SE(3)
symmetries for a scalar target.
To enable library-scale screening of conical-intersection

accessibility, we fine-tuned Uni-Mol to predict ΔE(MECI −
FCS1) directly from relaxed ground-state S0 geometries using a
mean-squared-error loss. The 3D transformer encoder
generates a whole-molecule embedding that is passed to a
lightweight regression head. The complete training protocol
and hyperparameters are provided in the Supporting
Information, Section “Uni-Mol model training protocol” and
Table S1. To complement the 3D model with chemical
interpretation, we also trained descriptor-based regressors on
Morgan fingerprints. SHAP feature attributions can be mapped

through fingerprint provenance to local atomic environments;
negative contributions lower the predicted ΔE, whereas
positive contributions raise it.

■ RESULTS AND DISCUSSION

ML Model Performance and External Validation

Using the same approximately 9:1 stratified random split, we
trained the Uni-Mol model and the descriptor-based regression
models on 204 molecules and evaluated them on an
independent held-out test set of 24 molecules, thereby
ensuring a consistent comparison across all models. The
model architecture of Uni-Mol takes the relaxed S0 geometry,
represented by atomic symbols and their 3D coordinates, as
input.
The learning rate and batch size were selected through a

compact 4 × 3 hyperparameter search on the training data,
which evaluated learning rates of 1 × 10−4, 3 × 10−5, 1 × 10−5,
and 3 × 10−6 together with batch sizes of 8, 16, and 32. Each
search run was limited to 60 epochs with an early stopping
patience of 15 epochs. Based on the comparative model
performance, a learning rate of 3 × 10−5 and a batch size of 16
were selected for the final training. The final Uni-Mol model
was trained using unimol-tools for a maximum of 100
epochs with an early stopping patience of 25 epochs. A 10-fold
predefined group split was used within the training set, and
validation R2 was used for checkpoint selection within each
fold. The complete settings are reported in Table S1.
On the full 204-member training set, the fitted Uni-Mol

predictions give R2 = 0.961 and MAE = 0.101 eV. The
independent 24-member held-out test set gives R2 = 0.950 and
MAE = 0.124 eV (Figure 1). The comparable training and test
errors indicate that the geometry-aware pretrained model
maintains its predictive accuracy on the held-out molecules. To
assess its relative performance, we compared Uni-Mol against a
representative set of established descriptor-based regression
methods suitable for relatively small molecular data sets:
RandomForest (bagging-based tree ensemble), XGBoost,
LightGBM, and CatBoost (gradient-boosted decision trees
with different optimization strategies), as well as SVR (kernel-
based nonlinear regression). All five baseline models used the
same binary radius-3 ECFP representation and the same data
partition, enabling a consistent comparison among conven-
tional two-dimensional fingerprint-based approaches.44,45,58−61

As shown in Table 1, Uni-Mol substantially outperforms these

Figure 1. Predicted versus calculated ΔE(MECI − FCS1) values for the training and test sets. Panel (a) displays 204 training molecules. Panel (b)
contains the 24 test molecules. The MAE values shown in the figures are in the unit of eV.
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baselines, with the performance gap reflecting the combined
benefits of three-dimensional molecular representation, geom-
etry-aware pretraining, and the transformer-based regression
architecture. This reliable gas-phase ΔE prediction enables
efficient first-pass prioritization of candidates with accessible
CI channels, substantially narrowing the candidate pool and
making subsequent quantum-chemical verification and exper-
imental validation significantly more manageable. Nevertheless,
explicit quantum-chemical confirmation remains essential for
individual screening hits.
To examine whether ΔE(MECI − FCS1) remains

informative beyond the labeled training scaffolds, we applied
the Uni-Mol predictor to a literature panel containing 15 AIE
and 15 ACQ luminogens. The AIE group has a mean predicted
ΔE of 0.393 ± 0.134 eV, whereas the ACQ group has a mean
of 0.812 ± 0.137 eV (Figure 2). The observed separation
motivates an empirical first-pass operating threshold near 0.6
eV: lower values indicate a relatively accessible crossing region
and are enriched in the AIE panel, whereas higher values are
enriched in the ACQ panel. This external validation confirms
that ΔE is an effective molecular descriptor for prioritizing AIE
candidates, as it cleanly identifies molecules with accessible CI-
mediated relaxation channels. That accessibility is the first
mechanistic condition for AIE; the second, whether
aggregation restricts the deformation needed to reach the CI,
requires separate validation. Table S2 further compares the
DFT-calculated ΔE values against the Uni-Mol predictions for

the screened subset, demonstrating good agreement and
supporting the reliability of the model for first-pass screening.
Note that our labeled training set is focused on naphthalene,

anthracene, pyrene, and their substituted derivatives. Despite
this focused chemical space, the Uni-Mol model successfully
transfers three-dimensional chemical priors to the present ΔE
prediction task, as demonstrated by its ability to discriminate
AIE from ACQ molecules in an external literature panel. This
indicates that our workflow provides a practical and trans-
ferable descriptor for prioritizing AIE candidates within the
widely explored polycyclic aromatic chemical space. While the
present model is expected to be most reliable for organic
luminogens whose nonradiative decay is governed by similar
large-amplitude out-of-plane distortions and S1/S0 MECI
accessibility, additional quantum-chemical labels and further
validation would be required for substantially different classes,
such as strongly charge-transfer systems, metal complexes, or
packing-dominated emitters.
Branching-Plane Analysis of 9-COCN-Ant

To connect the scalar ΔE descriptor with the local topology of
the crossing region, we analyzed the S1/S0 MECI of the
representative anthracene derivative 9-COCN-Ant. The S1/S0
MECI of 9-COCN-Ant was optimized in the gas phase at the
SF-TDDFT/ωB97X-D/def2-SVP level using Q-CHEM 5.3.
The range-separation parameter was tuned specifically for this
molecule following the same system-specific procedure used
for the remaining data set. A high-spin triplet reference was
employed, and the MECI was located using the penalty-
function method with α = 0.02 a.u. and σ = 3.5. The gradient-
difference vector g and derivative-coupling vector h were
evaluated at the optimized MECI using the same electronic-
structure level. The general computational protocol is
described in the Supporting Information. For a two-state
crossing, the degeneracy is lifted along two nuclear directions:
the gradient-difference vector g and the derivative-coupling
vector h. Together, these two vectors span the branching
plane, within which the adiabatic energy gap opens linearly
near the crossing point.38,62 For a small displacement δR from
the MECI, the two-state energy splitting can be approximated
as

Table 1. Model Comparison for ΔE(MECI − FCS1)
Prediction Using the Approximately 9:1 Stratified Random
Training/Test Split (204/24 Molecules)a

model Rtrain
2 (↑) Rtest

2 (↑) MAEtrain(↓) MAEtest(↓)
RandomForest 0.669 0.673 0.325 0.337
LightGBM 0.461 0.590 0.388 0.332
XGBoost 0.609 0.631 0.360 0.376
CatBoost 0.810 0.704 0.256 0.331
SVR 0.953 0.623 0.032 0.389
Uni-Mol (ours) 0.961 0.950 0.101 0.124

aDescriptor baselines use the selected binary ECFP representation
with radius 3. MAEs are in eV.

Figure 2. Predicted ΔE(MECI − FCS1) values for the external literature panel of AIE (red, n = 15) and ACQ (blue, n = 15) luminogens. The
group means and sample standard deviations are 0.393 ± 0.134 and 0.812 ± 0.137 eV, respectively. Values near 0.6 eV are treated as an empirical
borderline region rather than a universal classification boundary.
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where s is the average-gradient direction of the two states.
Thus, the accessibility of the MECI channel depends not only
on the relative crossing energy ΔE but also on whether the
molecule can deform efficiently along the branching-plane
modes that open the gap.
Figure 3 shows that, for 9-COCN-Ant, the g vector mainly

reflects in-plane bond reorganization of the anthracene
framework, while the h vector involves more pronounced
out-of-plane deformation. As shown in Figure 4a, the potential
energy surfaces of the S0 and S1 states form a double-cone
shape in the branching plane, whereas the degeneracy is
retained along the seam-related direction in Figure 4b. The
topology in the vicinity of the S1/S0 MECI is correctly
recovered with the SF-TDDFT method. The g−h branching
plane identifies the few nuclear motions that most directly
control the opening of the S1/S0 gap and the associated
nonradiative channel, while ΔE(MECI − FCS1) quantifies the
energetic cost of reaching that crossing from the FC-relaxed
state. Training the model on this well-defined molecular
property�rather than on a phenomenological AIE/ACQ
label�ensures that the learned relationship is grounded in

the underlying photophysics, making it transferable across
chemically diverse systems and suitable for first-pass screening.
Interpretable Atom-Level Attributions via CatBoost−SHAP
Among the descriptor baselines, CatBoost provides the best
balanced train/test performance on the present split (Rtrain

2 =
0.810 and Rtest

2 = 0.704; Table 1). Its combination with RDKit
Morgan fingerprints and native TreeSHAP therefore provides
the chemically interpretable companion to Uni-Mol. We use
CatBoost−SHAP to examine atom- and group-resolved
attributions to the predicted ΔE, while reserving Uni-Mol for
higher-accuracy screening.
Specifically, each molecule is represented by the same 4096-

dimensional binary radius-3 ECFP used in the descriptor
benchmark. The fingerprints are generated with RDKit and
include chirality information. The associated bitInfo map
records every occurrence of an activated Morgan bit as a
center-atom and radius pair, allowing feature-level SHAP
attributions to be projected back to the corresponding center
atoms and visualized as influential local “hotspot” regions.
To interpret the trained CatBoost ensemble, we use

CatBoost’s native TreeSHAP implementation to generate
additive feature-level attributions. For each activated finger-
print feature, its TreeSHAP attribution is divided equally
among the occurrences recorded in the RDKit bitInfo

Figure 3. Structure (a) and branching-plane vectors of 9-COCN-Ant near the S1/S0 MECI. The (b) g vector is mainly associated with in-plane
bond-length alternation and conjugated-framework reorganization, whereas the (c) h vector contains stronger out-of-plane components involving
the carbonyl-containing substituent and local puckering motions.

Figure 4. Local potential-energy topology of 9-COCN-Ant around the S1/S0 MECI. The (a) g−h plane shows the characteristic double-cone
splitting around the crossing, whereas the (b) g−z cross section is flatter along the seam-related direction.
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map, and each share is assigned to the center atom of the
corresponding occurrence. Contributions from all occurrences
centered on the same atom are then summed to obtain its
atom-level attribution. This projection preserves the summed
attribution of the mapped active features; the model baseline
and contributions from absent or unmapped features are
treated as global residual terms and are not assigned arbitrarily
to atoms. The complete definition is provided in the
Supporting Information. For the present target, a negative
atom-level attribution indicates that the associated local
fingerprint environments lower the predicted ΔE and thus
increase the modeled electronic accessibility of the MECI,
whereas a positive attribution raises the prediction. These
maps convert high-dimensional fingerprint contributions into
chemically recognizable local regions and support the
prioritization of modification hypotheses. Because hashed
Morgan environments can overlap, the resulting values are
model attributions rather than unique intrinsic properties,
quantum-mechanical atomic energies, or causal predictions of
substitution effects. Proposed sites and substituents must
therefore be verified by explicit ΔE calculations and by

assessing whether aggregation can restrict the required MECI
deformation.
For anthracene-derived scaffolds, the qualitative site-level

pattern assigns a pronounced positive attribution to the C9
local environment and the symmetry-related C10 region, a
negative attribution to C2, and a near-neutral attribution to
C1. Under the present target definition, these signs indicate
that the corresponding local environments tend to raise, lower,
or minimally affect the predicted ΔE, respectively. The
prominent attribution around C9/C10 highlights this central-
ring region as a chemically relevant modification region for
tuning MECI accessibility. Because C9/C10 lies within the
dominant out-of-plane MECI deformation region, substitution
at these positions can affect both the electronic accessibility of
the crossing region and the structural deformation required to
reach it. The experimental relevance of this site selection is
supported by reports of AIE behavior in 9,10-dithienylan-
thracene derivatives and of pronounced substitution-depend-
ent crystal packing and solid-state photophysical properties in
9/10-functionalized anthracene carboxylic acid derivatives.63,64

These experimental precedents support C9/C10 as a photo-
physically responsive modification region, but they do not

Figure 5. Atom-level CatBoost−SHAP attribution map for anthracene and representative amino-substituted derivatives. Red and blue overlays on
the parent scaffold denote positive and negative local attributions to the predicted ΔE, respectively; the displayed derivative values are explicitly
calculated ΔE(MECI − FCS1) values. The examples illustrate substantial site-dependent tuning while emphasizing that a parent-scaffold attribution
is not itself a finite-difference substitution effect.

Figure 6. Atom-level CatBoost−SHAP attribution map for pyrene and representative substituted derivatives. Red and blue overlays on the parent
scaffold denote positive and negative local attributions to the predicted ΔE, respectively; the displayed derivative values are explicitly calculated
ΔE(MECI − FCS1) values. The examples show that modifications of responsive regions can either raise or lower ΔE, depending on the combined
site and substituent.
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imply that every substituent changes ΔE in the same direction
or that the molecular attribution alone establishes AIE.
Figures 5 and 6 connect the signed parent-scaffold

attribution maps with representative explicitly calculated
substitution outcomes. For anthracene, amino substitution at
C1, C2, or C9 lowers ΔE relative to the parent, with the largest
decrease occurring for 9-NH2-Ant. For pyrene, by contrast, the
representative substitutions span both directions: 4-NH2-Pyr
raises ΔE, whereas the pyridyl- and dimethylamino-containing
derivatives lower it. These examples demonstrate that the
attribution maps identify chemically responsive local regions,
while the direction and magnitude of a finite substitution effect
depend jointly on the site and substituent and must be
confirmed by explicit calculation.
Mechanism-Guided, AI-Accelerated Workflow for AIE
Discovery

We combine the above components into an end-to-end,
conical-intersection (CI)-centric workflow that turns mecha-
nistic priors into testable design hypotheses and prioritized
candidates (summarized in Figure 7). Given a set of core
scaffolds and substituent lists, the pipeline proceeds as follows.

Step 1 Site prioritization via interpretable baseline. Use the
CatBoost companion model on binary radius-3 ECFP
features and perform native TreeSHAP attribution to
obtain atom- and group-level attributions to the
predicted ΔE of the target core. Rank substitution
sites by signed SHAP aggregates, prioritizing local
environments that consistently lower the prediction
across related molecules.

Step 2 Library generation by guided grafting. Enumerate a
focused combinatorial set by grafting selected sub-
stituents onto the prioritized sites (single substitutions,
disubstitutions, and mixed pairs), using basic valence
and connectivity checks to remove chemically invalid
structures. Record provenance (core, site, sub-
stituent, pattern) for downstream attribution.

Step 3 Fast screening of CI accessibility. Predict ΔE(MECI
− FCS1) for the enumerated library using the fine-
tuned 3D pretrained encoder (Uni-Mol, unim-
ol:v1). Prioritize molecules with ΔEpred < 0.6 eV
for subsequent calculations. Because 0.6 eV is an
empirical operating value inferred from the present
external panel, molecules close to this value are treated
as borderline rather than assigned by a hard universal
rule.

Step 4Mechanistic vetting at the quantum level. For the low-
ΔEpred subset, recompute the optimized S0 structure,
the vertical FCS1 energy, and the S1/S0 MECI at the
SF-TDDFT/ωB97X-D/def2-SVP level. Confirm the
electronic-energy difference from eq 2 and quantify
the geometry changes required to reach the crossing
region, e.g.

= =,MECI S min MECI S min0 0

and retain candidates that combine a low crossing energy with
a substantial, aggregation-restrictable deformation. These
candidates are then advanced to aggregate-state and exper-
imental validation. In this workflow, the CatBoost−SHAP
model proposes interpretable modification hypotheses and
Uni-Mol accelerates ΔE screening; neither model replaces the
quantum-chemical or experimental assessment of AIE.

■ CONCLUSION
In summary, this work uses ΔE(MECI − FCS1), the electronic
energy of the S1/S0 MECI relative to the vertically accessed
FCS1 state, as an efficient descriptor of conical-intersection
accessibility. A Uni-Mol regressor predicts this quantity from
relaxed ground-state geometries, while a CatBoost−SHAP
companion model provides signed, local structure-prediction
attributions.
For the present external panel, AIE luminogens have lower

predicted values than ACQ luminogens (0.393 ± 0.134 versus
0.812 ± 0.137 eV), supporting an empirical first-pass threshold

Figure 7. Mechanism-guided, AI-accelerated workflow for AIE design: interpretable site prioritization (CatBoost + SHAP) → guided library
assembly → fast ΔE(MECI − FCS1) screening (Uni-Mol) → CI-level quantum-chemical vetting → multicriterion lead selection.
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near 0.6 eV. This separation does not make ΔE a universal AIE
classifier: low ΔE indicates an electronically accessible CI
channel, whereas AIE additionally requires aggregation to
restrict the deformation that reaches that channel.
The resulting four-step workflow combines interpretable site

prioritization, guided library generation, rapid ΔE screening,
and explicit quantum-chemical and experimental validation. It
provides a scalable route for prioritizing AIE candidates,
offering a practical route to accelerated discovery of AIE-active
materials.
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