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ABSTRACT: In this study, we combine experiments, calculated properties, and machine learning (ML) to design new triphenyla-
mine-based (TPA) molecules that have a high photoinduced radical (PIR) generation in crystals. A dataset of 34 crystal structures
was extracted from the Cambridge Crystallographic Data Centre. Eighteen structures with experimentally reported PIR values from
0 to 0.85% were used to build an ML model trained using Random Forest that achieves an average leave-one-out test set error of
0.173% PIR. The ML model was used to screen the remaining 16 compounds, of which 4 were selected and subsequently compared
with the experimentally measured PIR%. The predicted PIR% demonstrated good agreement with the measured values of TPA bis-
urea macrocycles host-guest complexes and non-macrocyclic compounds of TPAs. Examining a broad set of molecular architec-
tures/scaffolds allows for investigating the structural and electronic properties that lead to high PIR generation. We found very dif-
ferent trends for macrocycles, linear TPAs, and mono TPAs, where mono TPAs consistently have the lowest PIR generation. Mac-
rocycles tend to have the highest PIR generation, especially for systems with benzene and fluorobenzene guests. Although linear
analogs overall perform worse than macrocycles, they display clear trends with increasing excited-state dipole moment, oscillator
strength and electron-hole covariance, while decreasing ionization potential and interatomic distance are generally correlated with
higher PIRs. What is consistently observed is that higher PIRs are seen for brominated analogs. Our study, therefore, provides guide-
lines for future design strategies of TPAs for PIR generation.

1. Introduction The discovery of new TPAs that exhibit PIRs has largely pro-

ceeded in a case-by-case manner. This effort is mainly guided
by trends found previously in the literature, including intramo-
lecular (e.g., TPA structure, electronic properties) and intermo-
lecular aspects (e.g., intermolecular distances) on the persis-
tence of radicals. Regarding the structural elements, increasing
spin delocalization, typically by molecular planarization, is cru-
cial for stabilizing TPA radicals.'® For example, Hellwinkel’s'!
design constrained TPAs through additional ring formation.
Since then, many others have observed planarization of propel-
ler-shaped TPA gives radical cations that are considerably more
stable due to delocalization over the planarized m-system and
heteroatoms.'!? Para-substituents on TPAs stabilize TPA radi-
cals primarily by preventing degradation via dimerization reac-
tions.!>!* Additionally, the incorporation of halides often en-
hances radical generation in TPAs upon UV irradiation, at-
tributed to spin-orbit coupling induced by the heavy atom ef-

Triphenylamine (TPA) derivatives, along with their corre-
sponding radical cation forms, are of interest in organic redox
catalysis, organic semiconductors, and magnetic materials.!
The low ionization potential of TPAs makes them susceptible
to generating radical cations via chemical and electrochemical
oxidation* and UV irradiation."* Photoinduced radicals (PIRs)
of TPAs have the advantage of being used as optoelectronic ma-
terials such as OLEDs® and perovskite solar cells.” They have
been observed in varying quantities in solution and amorphous
and crystalline solids. They are detected by their effects on pho-
tophysics, altering absorption/emission spectra, and are some-
times quantified by electron paramagnetic resonance (EPR)
spectroscopy versus a standard solution of Magic Blue.® Huang
et al. reported the PIR formation of three TPA derivatives con-
structed from phenothiazine as the donor and 3-ethylrhodanine
or 1,3-indanedione as the acceptor.” These m conjugated donor-

acceptor systems exhibited radicals in solution and solid-state.
The reported percentages of PIRs in solution ranged from
16.54% to 19.36%, while in thin films, these compounds ranged
from 0.47% to 6.0%.

fect.®

Beyond tuning PIRs in TPAs at the molecular level, there is ev-
idence that the molecule packing, altered through intermolecu-
lar interactions, affects radical generation in measurements
taken from both solution and solid-state. For example,
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Figure 1. A. Experimental method used to quantify the maximum PIR percentages. Radicals are generated upon UV irradiation on TPAs.
Maximum PIR percentage is quantified using EPR. B. ML model trained in this work to predict maximum PIR percentage.

Giuseppone demonstrated the reversible formation of PIRs in
soluble supramolecular stacks of amide-tethered TPAs.!> Simi-
larly, Yang et al. incorporated TPAs within metallocycles and
observed that their PIRs stimulated hierarchical assembly, and
the TPA radical cations were more stable within the extended
structures.'® Chi et al. observed luminescent PIRs in crystals of
tri-p-tolueneamine. The radicals quickly decayed upon light re-
moval, leading to sensitive on/off photoswitching. Interest-
ingly, this phenomenon was absent in the amorphous phase.!”

Crystalline TPA radicals provide an excellent opportunity to ex-
plore how structural attributes influence self-assembly and PIR
generation. While PIR percentages are lower in crystals, they
offer enhanced characterization capabilities for understanding
these relationships due to their well-defined structural proper-
ties. We reported crystalline self-assembled TPA bis-urea mac-
rocycles and urea-tethered TPA dimers, which showed sizeable
differences in the quantities and persistence of their PIRs.!822
The variation in observed radical quantities and lifetimes mon-
itored by EPR was attributed to structural and electronic differ-
ences in halogen-substituted TPA dimers."” Interestingly, the
incorporation of guests within structurally similar channels of
porous, assembled TPA macrocycles significantly influenced
the maximum PIRs.?

The trial-and-error discovery of new stable TPAs with high rad-
ical generation is time-consuming and resource-intensive. It re-
lies on synthesis, purification, and careful experimental meas-
urements of potential compounds. Alternatively, ML is emerg-
ing as a valuable tool to determine material properties that are
difficult to measure or calculate.”?2% Recently, there has been
substantial advancement in the accurate prediction of properties
of organic crystalline materials using ML, 2*?’ such as the band
gap for large organic crystal structures®®, thermal properties,”
and crystalline density*®® among many others. Moreover, the
high costs of experimental measurements and the limited avail-
ability of quantified PIR% data for crystalline TPA samples
make the development of ML methods particularly attractive.

This work explores the structure-property relationship of key
crystal structure characteristics, including angles, distances,
unit cell data, and electronic properties, such as ionization

potential, transition dipole moment, and excitation energy, of
crystalline TPA systems with PIR%. We then train an ML
model to predict the maximum PIRs in crystalline systems (Fig-
ure 1) based on numerical properties derived from the crystal-
line structure. We applied the ML model to an application da-
taset of 16 TPA-containing crystal structures from the Cam-
bridge Crystallographic Data Centre (CCDC) to screen for max-
imum PIR generation. Of these, two were subsequently meas-
ured using EPR herein, giving good agreement with the ML
predicted values. Additionally, the PIR values of two other
structures have recently become available, demonstrating good
agreement with the predicted values. Moreover, using correla-
tions among the structural and electronic features with experi-
mental PIRs, we identify that molecular planarization, para sub-
stitution, shorter inter-atomic distance of nitrogen of TPAs, low
ionization potential, and increased oscillator strength are im-
portant for the PIR generation of crystalline TPAs.

2. Methods
2.1 Computational Details

All DFT and TD-DFT calculations were performed using Q-
Chem 5.3 at the ®B97XD/6-31G* level. The structures used in
these calculations for the single molecules and host-guest com-
plexes were taken directly from the crystallographic infor-
mation file (cif) and were not optimized with DFT before per-
forming the excited-state and Ip calculations (see Figure S1 and
S2 for images of structures). The same level of theory was also
used for calculating the electron transfer couplings using the
fragment charge difference (FCD) method. 3! In this approach,
the coupling values are determined between dimers of either the
molecular or host-guest monomers.

2.2 Training set construction

A search of the CCDC identified 34 TPA crystal structures.
They were initially exported as cifs with CONQUEST.3? A sub-
set of 18 crystal structures (refer to Figure 2B, Table S1) was
selected for the initial dataset, which comprised data from the
literature and our group.'®?? They were selected based on their
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Figure 2. A. Overview of the ML approach used in this study. B. Dataset used to train the ML model to predict PIR%

reported maximum PIR%. The structural data for these com-
pounds and the corresponding maximum PIR%, which serves
as the target property for training the model, were extracted.
The crystallization of molecules and the measurement of radical
percentages have been conducted using consistent methods, en-
suring the uniformity and reliability of the training dataset. The
quantification of photoinduced radicals (PIRs) during UV irra-
diation was conducted using a calibration curve established
with standard solutions of Magic Blue. Magic Blue, a one-elec-
tron oxidant, is a tribromo TPA antimony salt. Comparing the
total area of the experimental EPR spectra of the solid sample
to the calibration curve established with known concentrations
of Magic Blue provided an approximate concentration of PIR
in solid TPA® (See Supplementary Information). The following
equation was used to calculate the reported maximum radical
percentages:

[rad] of calibration plot (mLol

Solid TPA (mol)
2.3 Feature development and selection

) % 0.0001L
+100
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The selection of descriptors for the model was a critical step in
building an accurate predictive tool. Descriptors were selected
based on their relevance to PIR generation and structure-prop-
erty relationships. Initially, 24 descriptors were tried (Table
S2), but the set was reduced to 12 (see Table 1) to remove fea-
tures with a high linear correlation between different features,
as well as the model's performance and concern for overfitting
when too many features are considered given the small dataset
size. All the molecules used in the training set are shown in
Figure 2B. Tables S3 and S5 contain data of these twelve de-
scriptors for both the training and application datasets, respec-
tively. The training dataset (Table S3) highlights a range of
maximum PIR percentages for crystalline TPAs, spanning from
0 to 0.85%.

Consideration was given to several structural descriptors ex-
tracted from the crystal structures. Specifically, the maximum
angle between phenyl groups in TPA (0) because planarizing
facilitates delocalization over the n-system.'* Introducing sub-
stituents, particularly at the para position of the TPA, can

enhance the stability of radical cations by preventing dimeriza-
tion.!? Therefore, we included the number of para substituents
per TPA (Npara) as a descriptor. Finally, we calculated the dis-
tance between two TPA monomers (d) in the crystal structure
by hand using Mercury 2022.3.0 because the distance between
TPA-containing molecules has been shown to influence
through-space coupling interactions, 3433

Table 1. Structural and calculated descriptors used as inputs
into the ML model.

Molecular Description
Descriptor
Maximum angle between phenyl groups in
0 TPA
Npara Number of para substituents per TPA
Shortest distance between N of TPAs of two
d monomers
Ionization potential
Ip
u Transition dipole moment
Ex Excitation energy
f Oscillator Strength
Root-mean-square (RMS) electron—hole sepa-
drms ration
Dipole moment
D
cov Electron-hole covariance
Electronic coupling between ground and first
Voi singlet excited state
Charge difference between monomers in
Aq ground state

To assess the impact of electronic properties of TPAs on PIR
generation, we include several calculated properties such as the
ionization potential (Ip), the vertical excitation energy (Ex), os-
cillator strength (f), root-mean-square (RMS) electron—hole
separation (drwms), transition dipole moment (), dipole moment



(D), electron-hole covariance (cov), electronic coupling be-
tween ground and singlet excited state (Vo) and charge differ-
ence between monomers (Aq) in a dimer model. The selected
descriptors are broadly applicable to both simple TPAs and their
complex host-guest systems. Moreover, the motivation for in-
cluding these properties is that p plays a crucial role in assessing
the interaction strength governing transitions between the
ground state and the excited state of TPA PIRs, while drms and
cov are vital for understanding charge transfer and charge re-
combination processes within the system.!%3¢ The exciton size
is quantified by drms, While cov effectively includes infor-
mation about hole size, electron size, and their correlation dur-
ing the excited-state charge transfer process. Vo, and Aq were
obtained by charge transfer electron coupling calculations be-
tween monomers in a dimer model using the FCD method.
Also, the impact of the Ip and Ex of TPAs on the generation of
PIR is known to be significant.2!3433

Ionization potential (Ip) energies were determined from the en-
ergy difference between isolated neutral and radical cation
states, using single-point calculations of the closed-shell singlet
ground-state geometry. The Ex, f, drums, 1, D, cov values for all
molecules were calculated for their excited states with the high-
est oscillator strength and their S1 states (Table S3 and Table
S4). We tested whether extracting these properties from the S1
state instead of the state with the highest oscillator strength
would affect the model performance and found no difference.
Therefore, all the excited-state property analyses were per-
formed using the properties extracted from the state with the
highest oscillator strength. Excitation energies, oscillator
strengths, and HOMO-LUMO transitions for the first four ex-
cited states (S1 to S4) are tabulated in Table S8.

The ML model was trained using a Random Forest (RF) regres-
sion implemented in the Python scikit-learn package.’” RF is an
ensemble learning method that combines the predictions of
multiple decision trees to provide robust and accurate results.>$-
401t is typically well-suited for small datasets, as it potentially
mitigates overfitting by aggregating the outputs of multiple
trees.

The RF model was trained with fixed hyperparameters, using
100 estimators, a minimum of 2 samples to split a node and at
least 2 samples per leaf. These parameters were determined af-
ter experimenting with several combinations to balance model
complexity and performance. The model was trained using
Leave-One-Out Cross-Validation (LOOCV), where each of the
18 samples was treated as the left-out sample. To ensure robust
and unbiased performance evaluation, the 50 intendent models
were trained using different random seeds. The mean absolute
error (MAE) was calculated for each random seed based on the
LOOCYV scheme.

The model trained using the random seed = 6 was selected as it
produced the median value among the 50 MAEs. The final
model has an MAE of 0.17% (see Table S6 and S7 for the pre-
diction from LOOCYV for the 18 training set samples). This se-
lected model configuration was then used to predict the PIR val-
ues for the application set of 16 samples.

2.4 Experimental Details for PIR Quantification.

Crystals of 10em were previously synthesized; 14 was pur-
chased from TCI America and crystallized via vapor diffusion
of water to a DMSO solution (10 mg/2 mL). PXRDs were per-
formed for both samples to compare the bulk crystals with the
reported structures. Theoretical PXRD patterns of 10°m and 14
were predicted from the CCDC structures 2206566 and
2090087, respectively. For 10em and 14, the experimental
PXRD patterns closely matched the theoretical pattern (Figure
S5-S6). This suggests the bulk crystals are in a single phase, and
the structure of the bulk powder closely resembles that of the
crystals used in the validation dataset.

Freshly triple-recrystallized samples of 14 (5 mg) and 10em (6.5
mg) were filtered, dried under an inert atmosphere, Ar (g), and
weighed. Samples were loaded into quartz EPR tubes. X-band
EPR spectra were recorded before and after UV irradiation us-
ing 365 nm LEDs. A cooling fan was employed during the irra-
diation to prevent any heat buildup. Inspection of EPR spectra
of both compounds (Figure 3A and 3C) show no signal before
irradiation. However, broad axial powder pattern shapes were
observed after UV irradiation with g-values of 2.004 for both
compounds. The recorded g-value of 2.004 falls within the typ-
ical range for TPA radical cations in solution, which is gener-
ally between 2.002 and 2.005.'3 The EPR signals of 14 and
10°m were measured under increasing irradiation time 1 to 16
h and 1 to 32 h, respectively, to examine whether longer irradi-
ation times would increase the number of radicals.
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Figure 3. A. EPR with incremental times of UV-irradiation of 14;
B. Double integration over time of UV-irradiation of 14; C. EPR
with incremental times of UV-irradiation of 10em; D. Double in-
tegration over time of UV-irradiation of 10em.

Figure 3A compares the EPR signal of 14 after longer irradia-
tion times and shows the intensity of the signal increases, sug-
gesting the formation of a larger quantity of PIRs. The quantity
of radicals was estimated by double integration of the EPR
spectra and plotted versus irradiation time (Figure 3B). The
concentration of radicals in crystalline 14 increases with irradi-
ation time until it reaches a plateau at ~ 12 h. A calibration
curve using Magic Blue standard solutions in dichloromethane
(Figure S7) was used to estimate the absolute number of



radicals.?® The maximum number of radicals was estimated by
averaging the last four data points of the area vs irradiation time
plot (Figure 3B). This means ~1 in 370 molecules (~0.27%)
generates a radical. This is equivalent to the number of radicals
observed in 100 puL of a 0.34 mM solution of Magic Blue. In
the context of 10°m (as illustrated in Figure 3C and 3D), a max-
imum PIR concentration of 0.36% was found for 6.5 mg, by
averaging the last four data points. Approximately 1 out of 277
molecules produced a radical. This percentage is comparable to
the number of radicals detected in a 100 pL sample of a 0.58
mM solution of Magic Blue.

3. Results and Discussion

The ML model was developed on a dataset comprising 18 crys-
talline TPA structures with PIR% ranging from 0 to 0.85% (Fig-
ure 2B and Table 2). Overall, we can divide the TPA molecules
into three groups: macrocycles, linear analogs, and mono TPAs.
Macrocycles generally exhibit higher PIRs than linear analogs
and mono TPA derivatives. All mono TPAs, e.g., with single
urea tether (3), or missing urea tethers (1,2) exhibit low PIR
generation (< 0.1%).

The low PIR% in mono TPAs (1, 2, and 3), is partly explained
by the lack of para substituents. We observe high PIR% for
Npara > 2 (Figure S3C). All macrocycles have Ny = 3 and gen-
erally exhibit larger PIR% values (although significant differ-
ences among these complexes are detailed below). The pres-
ence of para substituents hinders TPA dimerization and contrib-
utes to persistent PIRs.™

Table 2. Training dataset molecules and their reported PIR%.

Molecule PIR% Molecule PIR%
1 0 10°a 0.85
2 0 10<b 0.45
3 0 10ec 0.24
4 0.22 10-d 0.23
5 0.13 10¢e 0.38
6 0.42 10<f 0.15
7 0.06 10°g 0.28
8 0.12 10¢h 0.29
9 0.69 10¢i 0.3

Although macrocycles generally display a higher PIR% than
linear analogs, an exception to the trend is the linear analog 6,
which has one of the highest PIR% (> 0.4%) in the dataset. Only
three macrocycles (10%a, 9, 10°b) have a larger PIR% than 6.
Four of these compounds with the highest PIR% (> 0.4%) are
observed for bromine-substituted compounds compared with
non-brominated analogs in both Br-TPA macrocycles and lin-
ear molecules (e.g., 10+a, 6 vs. 4), indicating that bromine-sub-
stitution on urea-tethered TPAs is particularly favorable for PIR
generation. Among the linear analogs, complexes with iodine
substitutions (7 and 8) tend to generate lower maximum PIR%
than those with chlorine and bromine substitutions. This is
likely due to the short lifetimes and fast recombination of iodine
TPA radicals."

The choice of the substituent affects the ground-state density
and ionization potential. Among the linear compounds, 6 has
the highest PIR%, and the lowest Ip. Figure S4A shows that Ip
exhibits an inverse relationship with PIR% for linear analogs.
This is consistent with the literature in which a lower Ip indi-
cates a reduced energy barrier associated with higher radical
generations.®

Although macrocycles tend to have the highest PIR%, a varying
degree of PIR% is observed for macrocycle-guest complexes
(10<a to 10¢i), suggesting that the radical generation depends on
guest inclusion. For example, macrocycles with polar guests
have lower PIR%, whereas macrocycles with generally nonpo-
lar guests show higher levels of PIR% (10a vs 10ef, 10-g).
Moreover, in complexes with halogenated benzene guests, the
PIR% tends to decrease as the halogen gets larger
(10eb>10°c>10+d). Mono TPAs do not exhibit a clear trend in
the Ip and PIR%.

Excited-state energy analysis for these different analogs was
conducted using TD-DFT calculations. For the linear analogs
and macrocycles, the S1 and S2 states have degenerate excita-
tions localized on the different TPAs and display CT-type exci-
tations (Table S8). *' In contrast, the S1 state in all mono TPAs
is 0.2 eV lower than the S2 state.

In addition to the excited state energies, the oscillator strength,
f, is correlated with PIR%, which has also been observed for
TPAs in solution.*>*3 Most macrocycles exhibit larger f values
and higher PIR% values (Figure S4B) than linear TPAs. In lin-
ear analogs, increasing f'is also associated with increasing PIR
values. For instance, in the case of 6 >4 > 7, molecule 6 displays
the highest f'and PIR%, while molecule 7 exhibits the lowest f
and PIR%.

Increased D is roughly correlated with PIR % for linear analogs
(Figure 4, blue circles). For example, compounds 7 and 8 show
low D and PIR% compared to compound 6, which displays the
highest D value and PIR%. In contrast to what was observed in
linear analogs, a decrease in D in macrocycles leads to an in-
crease in PIR%. Mono TPAs do not exhibit a clear trend in the
D and PIR%.
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Figure 4. Variation of Dipole Moment versus PIR% for mono
TPAs, linear analogs, and macrocycles.

Linear analogs exhibit an increased PIR% with cov (Figure
S4C). For instance, within the set of linear molecules 8,4 and 6,



molecule 6 has the highest cov and PIR%, while molecule 8 has
the lowest cov and PIR%. In contrast, macrocycles do not dis-
play a clear correlation between cov and PIR%. However, most
macrocycles generally have higher cov values compared to
most of the linear analogs while mono TPAs tend to have both
low cov values and PIR%. No clear trends were observed for
EX, drwms, K, Vo and Aq (Figures S4D-S4H).

Beyond electronic properties, structural features extracted from
the crystal describe the variation of the higher PIRs in linear
analogs. Molecules with higher PIR% tend to possess shorter
d-values (Figure S3A). In the linear analog series, as d de-
creases, PIR% increases, following the order of 6 >4 > 8 > 7.
A lower interatomic distance (smaller d value) may promote en-
hanced PIR via through-space electronic coupling that facili-
tates electron transfer.33 However, we note that macrocycles do
not follow a clear trend with d due to the rigid scaffold.

Another structural feature that shows a strong trend is that TPAs
with higher maximum PIR percentages tend to have smaller 0
values, the maximum angle between phenyl groups in TPAs.
Overall, macrocycles exhibit low 0 values compared to both lin-
ear and mono TPAs (Figure S3B). The low 6 values in macro-
cycles are attributed to their assembly's additional aryl stacking
interactions, which can further constrain out-of-plane tilting. In
contrast, linear analogs and mono TPAs (8 and 1 vs 10#a) have
more rotational freedom, generally resulting in larger 6 values.
The increased 6 values reduce PIR% due to the absence of rad-
ical cation delocalization over the planarized m-system, con-
sistent with the literature.'!

The ML model trained to our experimental dataset (described
in section 2.3) was applied to an application set of 16 molecules
from the CCDC that lacked reported PIR values, shown in Fig-
ure 5. Among these structures are molecules featuring TPA bis-
urea macrocycles with and without guests, bis-TPA derivatives
linked with urea, TPA derivatives with amide linkages, and pla-
narized TPA molecules with oxygen as a bridging atom. The
predicted values and standard deviations are shown in Table S7.
We aim to use simple ML models to predict the PIR% accu-
rately for totally unseen compounds.
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Figure 5. Molecules obtained from CCDC to apply the model.

Interestingly, the ML model predicts four compounds (10j,
10+k, 10°1 and 18) to have high PIRs of > 0.35% with a maxi-
mum of 0.41% (Table S7). The predictions were tested on an
independent validation dataset to evaluate the ML model's per-
formance. Given their commercial or prior synthesis in our
labs, four compounds were chosen: 10*m, 14, 18, 19. Com-
pound 18, is predicted to have high radical production, while
other three molecules are expected to exhibit moderate PIR%
values. The PIRs for triply recrystallized samples of 10°m and
14 were experimentally quantified by EPR spectroscopy (See
the Experimental Section), while values for 18 and 19 have re-
cently become available.** These measured and predicted val-
ues are tabulated in Table 3. The model achieves an accurate
ranking of the compounds based on their PIR% (18 > 10°m >
14 > 19), where molecule 18 exhibits the highest PIR% and 19
the lowest.

Next, we analyze how the model performed versus the experi-
mental measurements (Table 3). The host-guest complexes of
10 are well represented in the model training set. Not surpris-
ingly, the model did quite well with 10°m, which had a pre-
dicted value of 0.35% (standard deviation 0.031%) compared
with the experimental value of 0.36%. The related TPA mac-
rocycle 18 lacks exterior bromide and a guest, which differs
from the macrocycles used in the training set. It exhibited a
surprising experimental PIR of 1.4%.* The predicted value is
0.36% with a standard deviation of 0.026% and is an outlier.
The deviation between the experimental and predicted PIR%
arises because the model was initially trained on PIR values
with a maximum of 0.85%. Consequently, it struggles to predict
values as high as 1.4%. Comparatively, its” host: guest complex
with dimethoxyethane, 19, is well predicted by the model, with
a predicted PIR% of 0.16% compared to its experimental value
0f 0.24%. Compound 14 is a mono TPA with two para substit-
uents (Npara) and has a predicted value of 0.17% (with a standard
deviation of 0.033%) versus a measured PIR of 0.27%. Overall,
although the deviation between the predicted and experimental
PIR values for molecule 18 is greater than that for molecules
14, 19, and 10°m, the model accurately ranks the compounds
by their PIR% (18 > 10em > 14 > 19).

Table 3. Actual and predicted PIR% of 10°m, 14, 18, 19.

Molecule Experimental PIR% Predicted PIR%
10°m 0.36 0.35
14 0.27 0.17
18 1.4 0.36
19 0.24 0.16

4. Conclusion

This study highlights the relationship between crystalline TPA
derivatives' structural and electronic properties and their corre-
sponding PIR percentages. By analyzing 18 TPA derivatives
sourced from the CCDC, we trained a ML model to predict the
experimentally generated PIR generation using structural and
calculated properties. The model utilized Random Forest with
leave-one-out cross-validation and displayed an MAE = 0.17%.



Analysis of trends within the TPAs used for training the model
illustrates several design rules for a high PIR generation. Spe-
cifically, macrocycles consistently display higher PIR% com-
pared to linear and mono TPA analogs, which is attributed to
their rigid scaffold and molecular planarization. Furthermore,
our analysis reveals the favorable impact of bromine substitu-
tions on PIR generation, contrasting with the low PIR% asso-
ciated with iodine substitutions. This emphasizes the role of
bromine substitution in modulating the photophysical proper-
ties of TPA derivatives. Moreover, analysis of these molecules
unveils intriguing correlations between their structural and elec-
tronic features with PIR percentages. In linear analogs, mole-
cules with higher PIR % tend to exhibit shorter &, implying that
reduced d-values may facilitate enhanced through-space cou-
pling or electron transfer processes, potentially leading to in-
creased PIR generation. Conversely, while macrocycles also
demonstrate reduced d-values compared to linear analogs, their
PIR% do not significantly vary with these values, likely due to
their rigid scaffold structures. Additionally, TPA derivatives
with higher PIR% tend to have smaller 6 values, indicative of
increased planarization and radical cation delocalization. The
presence of para substituents on TPAs contributes to PIRs,
likely by impeding degradation processes. Regarding electronic
features decreased ionization potential (Ip) and increased ex-
cited state oscillator strength (f) correlate with increased PIR
generation. Electron-hole covariance (cov) increases with in-
creasing PIR% in linear analogs while macrocycles showed a
complex variation with PIR and cov. Excited state dipole mo-
ment (D) shows a complex trend in PIR generation in macrocy-
cles and linear analogs, whereas root-mean-square (RMS) elec-
tron-hole separation (drys), transition dipole moment (), exci-
tation energy (Ex), electronic coupling between ground and first
singlet excited state (Vo) and charge difference between mon-
omers in ground state (Aq) do not show clear trends.

Notably, the study extends beyond elucidating these relation-
ships to demonstrate the practical utility of the ML model in
predicting PIR% in new TPA-containing crystal structures. By
applying our model to 16 molecules obtained from the CCDC,
we illustrate its potential for screening and predicting PIR % in
diverse molecular contexts. The model gave good predictions
of the hierarchy of PIR% compared with the experimental val-
ues of an independent validation dataset of TPA molecules. Ex-
panding our dataset to a broader range of crystalline TPA deriv-
atives holds promise for further enhancing the accuracy and ap-
plicability of our ML model. Additionally, we plan to imple-
ment this model as a pre-synthesis screening tool to identify
more TPA macrocycle-guest systems that generate higher
PIR%.
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