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ARTICLE INFO ABSTRACT
Keywords: In this study, we present a novel approach to the development of thermally activated delayed
TADF molecules fluorescence (TADF) molecules with potentials for organic light-emitting diode (OLED) applica-

machine learning design
Structural characterization
Delayed fluorescence properties

tions, leveraging machine learning (ML) algorithms to guide the materials design process.
Recognizing the imperative for high-efficiency, low-cost emissive materials, we integrated ML
driven models with experimental characterization to expedite the discovery of TADF compounds.
Initially, a database of ML-designed TADF molecules was employed, with samples being approved
to possess optimized photophysical properties. The proposed molecules were synthesized using
palladium-catalyzed coupling reactions. Subsequent characterization of these molecules utilized a
suite of analytical methods, including nuclear magnetic resonance (NMR) spectroscopy, photo-
luminescence (PL) spectroscopy, and transient PL decay etc., to confirm their structural integrity
and evaluate their performance metrics. The photophysical analysis revealed notable emission
efficiencies and significant delayed fluorescence characteristics in solution phases, underscoring
the potential of ML-designed TADF molecules. Theoretical validations, through quantum chem-
ical calculations, corroborated the experimental findings, demonstrating the predictive power of
our ML models. This interdisciplinary approach not only accelerates the pace of TADF molecule
development but also provides a scalable framework for future material innovation especially in
the OLED research field.

1. Introduction

In recent years, OLED technology has undergone significant advancements, serving as a catalyst for innovations in high-efficiency
and cost-effective lighting and display solutions. At the forefront of this progress is TADF, a critical technology in the OLED sector, have
been extensively studied in the past decade due to their huge potential in making high efficiency OLED devices [1-7]. Moreover, the
design and synthesis of TADF molecules are central to enhancing the performance, durability, and sustainability of OLED systems [8].

Conventional methods for designing TADF molecules often rely on repetitive experimental approaches and subjective insights,
resulting in a time-consuming and resource-intensive process. With the development of time-dependent density functional theory
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(TDDFT) which is known to provide reasonably accurate descriptions of excited state properties, it has seen high-throughput
screenings using TDDFT to explore the search space of TADF molecules [9,10]. Furthermore, recent involvement of ML techniques
in the materials science has significantly accelerate the materials discovery, resulting in novel structure design and property opti-
mization in a far more efficient way, compared to the trial-and-error approach [11,12]. In the case of TADF design, both property
predictions and structure inverse design based on deep learning have been extensively explored. Tan et al. [13] have applied deep
neural network, graph convolutional network, recurrent neural network, message passing neural network and SchNet models to
predict the TADF photophysical properties including the excited state energies and oscillator strengths; while they further found that
by extending the molecular torsional profiles, the predictive accuracies of oscillator strengths can be additionally improved. Inverse
design utilizing adversarial autoencoder [14] (AAE) has also been employed to investigate the possible molecular structure by creating
an ‘image’ dataset from the original TADF samples. By combining the fine screening procedure, Tan et al. [14] have eventually
identified 19 TADF molecules with qualified photophysical properties (where the calculated singlet—triplet energy gaps and
spin—orbital couplings satisfy the prescribed criteria).

The current research leverages ML algorithms to direct the design and synthesis of TADF molecules. A database of ML-designed
TADF molecules is employed, with the samples being created from adversarial generation and fine screening processes [14]. Two
of the molecules are selected and synthesized through the palladium-catalyzed cross-coupling. To validate the newly synthesized
molecules, a suite of analytical tools—including Nuclear Magnetic Resonance (NMR) spectroscopy, Photoluminescence (PL) spec-
troscopy, transient PL decay and PL quantum yield measurement—is used to confirm their structures and assess performance metrics.
The newly synthesized molecules are tested mainly in solution phases, demonstrating notable luminescent efficiency and delayed
fluorescent behaviours. The work emphasizes the integral role of ML in the development of TADF molecules, while the artificially
created samples can possess desired electronic structure, satisfactory photophysical properties which can also be validated
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Fig. 1. Synthesis of (a) mol_12 and (b) mol_16.
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experimentally. It implies huge potential of machine learning in expediting material innovation in both theoretical design and
experimental justification, offering significant opportunities for intelligent development of the visual display technologies.

The paper is organized as below. The second section demonstrates the methodology including the synthetic procedures for making
the selected molecules, the instrumentation and the implementation details for quantum chemical calculations. The results and dis-
cussion section presents the empirical results and discusses the main findings of our study. A conclusion is drawn in the end.

2. Methodology
2.1. Synthetic procedures

2.1.1. Synthesis of mol 12

The synthesis of mol 12 employs a palladium-catalyzed cross-coupling reaction, which is a well-established method in organic
synthesis for forming carbon-carbon bonds [15-19]. The reaction is implemented by combining 10 g of 4-bromo-3-nitrobenzoate with
12 g of nitrogen-containing phenylboronic acid. These reactants are precisely measured to ensure stoichiometric balance and optimal
reaction efficiency. The catalyst used in this reaction, palladium tetrakis(triphenylphosphine) (Pd(PPhgs)4), is added in a small amount
of 0.5 g, providing the necessary activity to facilitate the coupling process. Additionally, 8 g of potassium carbonate are used as a base,
usually in excess, to drive the reaction towards completion.

Toluene is chosen for the reaction solvent in a volume of 300 mL. The reaction mixture is heated to approximately 110 °C, and
maintained at reflux for 16 h. This extended duration ensures the completion of the coupling reaction, allowing for the formation of the
biaryl bond between the bromo-nitrobenzoate and the phenylboronic acid derivative. When the reaction is finished, the mixture is
allowed to cool to room temperature. The product is then isolated via quenching the reaction and purifying through column
chromatography.

We perform the 'H NMR spectroscopy to identify the structure of the synthesized molecule, with data being given as: 'H NMR (500
MHz, CDCl5)  10.16 (s, 1H), 8.15 (d, J = 7.5 Hz, 3H), 7.89 (d, J = 1.0 Hz, 1H), 7.82 (d, J = 8.0 Hz, 1H), 7.75 (d, J = 8.0 Hz, 2H), 7.61
(d, J = 8.5 Hz, 2H), 7.49 (d, J = 8.5 Hz, 2H), 7.45-7.42 (m, 2H), 7.33-7.30 (m, 2H). We find that the NMR indicated structure fully
matches the theoretically designed configuration of mol 12 as shown in Fig. 3.

2.1.2. Synthesis of mol 16

Fig. 1(b) depicts the synthetic pathway for the compound mol 16, detailing a sequence of reactions leading to its formation,
including bromination, cross-coupling reactions, and functional group transformations. In the first step, a nucleophilic aromatic
substitution is carried out with 5 g of a brominated heteroaromatic compound and 4 g of chloro-tosylate. This reaction uses 3 g of
potassium hydroxide dissolved in 120 mL of tetrahydrofuran (THF). The mixture is stirred at room temperature for 4 h, facilitating the
replacement of the tosylate group with the nucleophilic aromatic compound, and forming a Ts-protected nitrogen-containing ring
structure.

Following this, the Friedel-Crafts alkylation involves 5 g each of bromophenol and an aromatic aldehyde. The catalyst, 2 g of p-
toluenesulfonic acid (PTSA), is used in 200 mL of toluene. This reaction is refluxed for 7 h at about 110 °C, the boiling point of toluene.
This step results in the formation of an ether linkage between the phenol and aldehyde, advancing the complexity of the molecular
framework.

The critical structural features are then established through a palladium-catalyzed coupling reaction. This stage employs 6 g each of
a nitrogen-containing heteroaromatic compound and a bromo-substituted intermediate, with a catalyst system comprising 0.5 g of Pd
(OAc)3, 3 g of Cs3C03, and 0.5 g of 'BusHBF, in 250 mL of toluene. The reaction mixture is refluxed for 18 h, promoting the formation
of an extended polycyclic structure via cross-coupling.

Subsequent deprotection of the nitrogen atom utilizes 5 g of KOH in a 150 mL mixture of DMSO and THF. This mixture is heated to
100 °C and stirred for 12 h, enabling the removal of the Ts group under mild conditions. The final step in the synthesis involves the
hydrolysis of the lactone group to a ketone structure, using hydrochloric acid (100 mL of 1M) in THF. The reaction is conducted at 0 °C
for 3 h to complete the synthesis of mol_16.

The NMR data is given as: 'H NMR (500 MHz, CDCl3) 6 10.17 (s, 1H), 8.19 (s, 1H), 7.86 (dd, J = 8.0, 1.5 Hz, 1H), 7.52-7.47 (m,
2H), 7.38 (d, J = 8.0 Hz, 1H), 7.33-7.29 (m, 2H), 7.28-7.25 (m, 2H), 7.24-7.21 (m, 1H), 7.09-7.04 (m, 2H), 6.94-6.88 (m, 2H), 6.72
(d, J = 7.5 Hz, 2H). Again, we find that the identified structure is fully consistent with the designed configuration of mol_16 shown in
Fig. 3.

2.1.3. Instrumentation and measurements

Nuclear magnetic resonance (NMR) spectra were measured on an Avance III 500 spectrometer (Bruker) and JNM-ECP400 spec-
trometer (JEOL). NMR chemical shifts are reported in parts per million (ppm) using tetramethysilane as an internal standard (TMS =
0.0 ppm). Elemental analyses were carried out with a Yanaco MT-5 CHN corder. Photoluminescence (PL) spectra of organic solutions
were measured with a FluoroMax-4 spectrofluorometer. PL. quantum yield was measured by an absolute PL quantum yield mea-
surement system (Hamamatsu Photonics C11347-10). Luminescence lifetime of solutions was measured with a Quan-taurus-Tau
system (Hamamatsu Photonics).

Note that the synthesized two molecules (mol_12 and mol_16) are dissolved in toluene, chloroform and hexane respectively, to take
the measurement of PL spectroscopy, PL quantum yield and luminescence lifetime. The PL decay profiles of solutions are measured
after Ny bubbling.
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2.1.4. Quantum chemical calculations

The TADF candidates are inherited from our previous machine learning design results [14] where 19 molecules are screened out
based on the excited-state optimizations and spin—orbital coupling (SOC) calculations. Two candidates are selected for experimental
synthesis, while quantum chemical calculations were performed using Gaussian 16 [20] at the level of B3LYP/def2SVP to identify the
electronic structure according to the pre-optimized ground-state geometries. The fluorescence spectra of the selected molecules were
calculated using the first principles path integral approach implemented in ORCA [21]. The initial (S; optimized geometry) and final
(ground state optimized geometry) states for the fluorescent transition and their respective Hessian matrices are computed (at the
B3LYP/def2SVP level). After the calculations of transition dipole derivatives, the spectra were predicted in terms of a discrete Fourier
transform of the transition dipole correlation function, including both the Franck-Condon and Herzberg-Teller (HT) effects [22]. The
spectra were broadened using a Voigt function with line widths of 50 cm™! for the Lorentzian component and 250 cm™! for the
Gaussian component.
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Fig. 2. Machine learning design roadmap for TADF molecules, including modules of algorithmic synthesis, deep prediction, adversarial generation,
fine screening and experimental verification.
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3. Results and discussion
3.1. Machine learning design roadmap for TADF compounds

Fig. 2 depicts the ML assisted design process for TADF molecules from the theoretical generation to experimental verifications. As
referring to our previous publication [14], the process involves the algorithmic synthesis by combining the empirical donor and
acceptor fragments via the BRICS rule, deep prediction by constructing the ECFP fingerprint to forecast the excited state properties,
adversarial generation by using the AAE model to create artificial molecules that can possess similar photophysical properties with the
original samples, and the fine screening to select TADF candidates with satisfactory properties from the generation space. The
screening basically goes through a hierarchical process, by conducting high throughput calculations of TDDFT single points, SOC and
excited-state optimizations, with gradually raised computational costs.

The final step in Fig. 2 refers to the experimental verification of the screened samples satisfying certain criteria. We prescribe the
selection standards as T;—Sp SOC <15 cm’l, T1—S; SOC >0.1 crn’l, AEgr < 0.25 eV and S;_f > 0.02, in order to guarantee a proper
intersystem coupling, a small enough adiabatic gap and a considerable oscillator strength. Two molecules chosen from the qualified
TADF candidates are finally synthesized, to experimentally validate the photophysical properties of ML designed species (which
constitutes the main theme of the current paper).

3.2. Electronic structure characterization

Table 1 showcases a series of novel molecules designed via the AAE model as potential TADF candidates (as inherited from the
results in Ref. [14]), characterized by their electronic and SOC properties. The molecular structures (Fig. 3), ranging from mol_1 to
mol_19, exhibit diverse aromatic and heteroaromatic frameworks, all of which are of essentially electron-donor and electron-acceptor

mol_13 mol_14 mol_15 mol_16

mol_17

Fig. 3. Machine learning designed molecules with satisfactory quantum chemical properties for the delayed fluorescence.
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combinations, as evidenced in the structural depictions. The computed adiabatic singlet-triplet gaps (AEst) indicate the thermally
accessible reverse intersystem crossing (rISC) essential for TADF. Notably, all molecules demonstrate AEgy smaller than 0.25 eV, which
are favorable for efficient TADF. Moreover, the non-negligible SOC constants between T; and S; states, suggest effective intersystem
crossing channels.

Remarkably, the created donor-acceptor configurations substantially mimic the original TADF samples that were fed into the AAE
algorithm, implying the efficacy of the adversarial generation in producing reasonable chemical structures with desired photophysical
properties. The results affirm the utility of machine learning in the design of TADF materials by enabling the prediction and opti-
mization of critical properties that correlate with photoluminescent performance, pointing towards a tailored approach in the design of
TADF emitters.

In the study of molecular electronic structures, frontier orbitals provide profound insight into the photophysics of chemical species.
The visualization of the HOMO and LUMO for mol_12 and mol_16, as demonstrated in Fig. 4, elucidates the spatial distribution of the
electron density that governs their photophysical behavior. For mol_12 (Fig. 4(a)), both the HOMO and LUMO are highly localized
within corresponding molecular moieties, demonstrating diminished orbital overlaps and a significant charge transfer characteristic. It
is consistent with the minimized adiabatic gap (AEsy = 0.0084 eV without TDA), which is favorable for TADF with augmented
photoluminescent performance.

Mol 16 (Fig. 4(b)) exhibits a slightly different pattern, with the HOMO revealing a significant delocalization over the conjugated
system while the LUMO shows a more localized character. The distributions point towards a less efficient orbital separation which
corresponds to a slightly enhanced B3LYP adiabatic gap (AEst = 0.1579 eV without TDA) computed for mol_16. Compared to mol_12,
the observation can theoretically imply a reduced rISC rate and therefore suppressed thermal activation for delayed fluorescence.
These differences in frontier orbital characteristics between mol_12 and mol_16 underscore the importance of the electronic config-
uration in dictating molecular properties.

3.3. Photoluminescence spectroscopy

The fluorescence spectral analysis of molecules mol_12 and mol_16 dissolved in toluene, chloroform, and hexane respectively (see
Fig. 5) presents a comprehensive view of solvatochromic shifts that manifest due to solvent-solute interactions. For molecule mol 12, a
significant hypsochromic (blue) shift observed in toluene and hexane suggests a decrease in polarity around the fluorophore, influ-
encing the electronic distribution in the excited state. Similarly, mol_16 exhibits the greatest red shift in chloroform compared to
toluene and hexane, which could be associated with specific solvent interactions at the excited state, altering the molecular orbital
energies due to the enlarged solvent polarity.

These observations for both mol_12 and mol_16 suggest the validity of the machine learning approach in designing reasonable
chemical species possessing verifiable fluorescence behaviors in solution phases.

As exhibited in Fig. 6, the fluorescence spectra of molecules mol_12 and mol_16 in chloroform were analyzed, comparing exper-
imental results with theoretical predictions. For mol_12, the experimental spectrum reveals a major peak at approximately 530 nm,
with an insignificant shoulder at around 400 nm, and a smaller peak near 700 nm. The theoretical spectrum correlates closely with the

Table 1
Potential TADF candidates designed by machine learning. The listed properties include adiabatic singlet—triplet gaps computed via the B3LYP
functional with and without the Tamm—Dancoff approximation (TDA), the T;S; and T;So SOC Constants at the So Geometry.

Name SMILES B3LYP gap B3LYP-TDA gap T;S; SOC T1So SOC
(eV) (eV) (em™) (em™1)
mol_1 clenc2e(c1)[SiH2:2]c1cenc(-n3c4cceccdcdceenced3)cl-2 0.1333 0.0106 0.3239 1.8620
mol_2 0O=C(Cclccec2[nH]c3[nH]c4cccecde3cl2)clecec2el [nH] 0.0163 0.0117 1.8729 7.1232
cleceeel2
mol_3 clecec2e(el)[nH]clc2c2cccee2nl-clec2[nH]c3cecce3c2enl 0.1223 0.0980 0.1136 0.7360
mol_4 cleec2e(cl)[nH]clcec3c(c4ccccc4n3-c3enced4[nH]c5ceeec5¢34) 0.1759 0.0798 0.1606 0.1746
cl2
mol_5 clee2e(cel)[nH]cleee3e(c4eccecdn3-c3ecec4e3nee3eccee34)cl2 0.0227 0.0144 0.1703 1.3593
mol_6 cleec2e(cl)[nH]clcec3c(c4ccecc4n3- 0.0130 0.0117 0.1225 1.0532
c3cee4eSccece5e5neenc5c4ce3)cl2
mol_7 clcec2e(cl)-clene(-n3c4ccccc4edececc43)eclelneenc2l 0.0995 0.0926 0.1396 1.6184
mol_8 0=C(clcce(C=0)c(-c2cce3c(c2)Ne2eeccc2S3)el)cleceecl 0.0483 0.0391 0.1507 8.6579
mol_9 0O=Cclcce(-c2ccce3c2c2cccce2n3-c2ccccc2)c(C#N)c1C#N 0.1280 0.0367 0.2102 0.7563
mol_10 clenc2c(cl)-cleee(-n3c4ceccec4c4eSceccec5[nH]c43)eclcl [nH] 0.0082 0.0078 0.2818 0.8635
cnc2l
mol_11 0=C(clcce(-n2c3ceccc3e3nc[nH]c23)ccl)C(F)(F)F 0.0070 0.0065 0.1691 1.7473
mol_12 N#Cclcee(C=0)c(-c2cce(-n3c4cccccdcdceccecd3)cc2)cl 0.0084 —0.0066 0.1288 9.6389
mol .13 CN1c2cccee2Sc2ccec(-c3cecc4Ne5cecee5c(=0)ce34)cc21 0.2109 0.1751 0.5778 6.8733
mol_14 cleec2e(cl)[nH]cleee3ce(c4ccccc4n3-c3encdnceecd4n3)cl2 0.0239 0.0204 0.1868 1.7842
mol_15 CN1c2cecec2Sc2cece(-c3ccec4[nH]e5cecee5¢(=0)c34)cec21 0.1956 0.1594 0.8683 14.9823
mol_16 0O=CclccccclN(cleeec2[nH]e3cceee3cl12)clecceel 0.1579 0.1168 0.4755 6.4195
mol_17 clcec2e(c1)[nH]clc2c2ccece2nl-clnec2e(cl)[SiH2:2]clenceel-2 0.0761 0.0616 0.1962 0.7084
mol_18 CC(=0)clcce(-c2ccec3cdcccecdcdnc[nH]c4c23)c(C#N)cl 0.2286 0.1081 0.1208 1.2150
mol_19 clce2c(enl)-cle(eencl-nlce3ceccec3ce3ceccec31)clececcl2 0.2335 0.0899 0.5408 1.8974
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Fig. 4. Frontier orbitals of (a) mol_12 and (b) mol_16 at the optimized S, geometries in gaseous phase.
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experimental data, capturing the main peak’s position accurately, indicating the robustness of the C-PCM model in describing the
transition energy in solutions. However, the side peaks in the theoretical spectrum at around 600 nm and beyond show less
compatibility with the experimental spectrum, implying that refinement might be needed in the theoretical method to account for the
complex electronic structure in the excited state. Additionally, the spectral width from theoretical calculations is slightly smaller than
the experimental one, probably because the single configurations in S; and Sy considered in the transition may lead to a less efficient
inhomogeneous broadening that usually occurs in solution-phase spectra [24].

For mol_16, the experimental spectrum shows a pronounced peak at around 550 nm, which perfectly matches the theoretical main
peak. Similar to mol_12, the side peaks and shoulders from the theoretical spectrum exhibit fewer consistency with the experimental
measurement, putting challenges on the current model in describing fine structures of the excited state.

Additionally, the vibronic structures in the theoretical spectra for both molecules demonstrate complex interactions between the
electronic transitions and nuclear vibrations. For mol_12, the side band deviated from the main peak has a separation of 0.2 eV, which
is likely to originate from v111 in the normal mode analysis at S; geometry. As shown in Fig. 6(b), the vibration is basically dominated
by the hydrogen scissoring and the breathing motions of C-C bonds. For mol_16, the normal modes v96 and v103 at S; geometry would
correspond to the two side band separations from the main peak (vibronic progressions of 0.17 eV and 0.18 eV respectively). As seen
from Fig. 6(d), the vibrations mainly comprise a rocking motion of the aromatic hydrogen and the scissoring of aldehyde group. Note
that the vibronic progressions do not match the normal modes exhibiting the largest displacement between the ground and excited
states, probably revealing the complexity of the vibronic coupling and the relevant vibrational wavefunction overlaps.

In order to further examine the accuracy of theoretical emission energies in comparison with the experimental spectra, exchange-
correlation functionals beyond B3LYP including PBEO, CAM-B3LYP, M06-2X and wB97XD are employed. As visualized in Fig. 7, for
both molecules, emissive energies adopting the hybrid functionals with lower Hartree-Fock (HF) fractions (B3LYP and PBEO)
demonstrate more accurate estimations for the experimental counterparts. While functionals with higher HF fraction (like M06-2X) or
others with long-range corrections (CAM-B3LYP and wB97XD) give rise to overestimations of energies. The results are compatible with
previous reports [29] that PBEO-like functionals can lead to lower prediction error for emission characteristics.

These findings illuminate the critical interplay between experimental observations and theoretical computations in understanding
the fluorescent behaviours of solvated molecules. The compatibility of the main features between experimental and theoretical spectra
further confirms the integrity of the molecular structures as designed to possess targeted photophysical properties, and the deviations
in detailed characteristics may necessitate the improvement of the theory.

3.4. PL lifetime and quantum yield

As shown in Fig. 8, the transient photoluminescence decay profiles of molecules mol_12 and mol_16 dissolved in different solvents
— toluene, chloroform, and hexane — have been examined to elucidate their excited-state dynamics. For both molecules, the decay
profiles are indicative of a combination of the fast and slow decay processes, clearly demonstrating the prompt and delayed fluo-
rescence behaviours. In toluene and chloroform, mol_12 and mol_16 exhibit a rapid initial decay, followed by a slower exponential tail,
implying a significant delayed component due to the reverse intersystem crossing. Conversely, in hexane, the decay profiles appear
more uniform especially for mol 12, dictating an extended excited-state lifetime and a smaller discrepancy between the fast and slow
components. The reason behind may be ascribed to reduced solvent interaction due to hexane’s nonpolar nature, which can cause
modulations of the electronic structure.

Furthermore, the comparative decay analysis between mol_12 and mol_16 unveils molecular characteristics impacting the PL decay
pathways. Specifically, the sharper initial decay in mol_16 across toluene and chloroform might imply a more efficient non-radiative
decay process or a faster internal conversion compared to mol_12. These observations underscore the intrinsic molecular differences
affecting the emissive properties of mol_12 and mol_16 under the solvent environment.

Table 2 presents the lifetimes fitted from the PL decay profiles of mol_12 and mol_16 using the dual-exponential decay function.
Obviously, both molecules show a fast decay with nanosecond lifetime and a slow decay with microsecond lifetime, similar to most of
the TADF compounds reported before [25,26]. For mol_16, the prompt decay lifetimes in toluene and chloroform are relatively short,
at 0.05 and 0.1 ps, respectively, which may be attributed to the efficient non-radiative decay mechanisms. Interestingly, in the
non-polar solvent hexane, the PL lifetime of mol_12 extends significantly to 5.97 ps, suggesting a pronounced stabilization of the
excited state. This could be due to reduced solvent interaction and the particular molecular configuration, probably leading to an
intersystem quenching of the thermal activation. In contrast, mol_16 exhibits a universally short lifetime across all solvents, with a
slight increase in non-polar hexane.

In order to evaluate the luminescence efficiency of fluorophores in solutions, we also measure the absolute PL quantum yield
(PLQY) using an integrating sphere. A noticeable PLQY around 9.9 % in chloroform for mol_12 is found compared to the quantum yield
in other two solutions which is less significant. For mol_16, the PLQY can approach 19.8 % in toluene, showing enhanced luminescence
efficiency in this moderately polar solvent. Note that the minimized AEgr (0.0084 eV) for mol_12 does not guarantee an improved
photoluminescent performance, probably indicating that the rate of TADF reveals a complex interplay between vibronic and spin-
orbital couplings rather than solely an energy-defined thermal process [27,28].

For a short summary, the current measurements emphasize the analysis of luminescence properties in solution phases, unveiling
noticeable delayed fluorescence behaviours and quantum yield for molecules; but still lack the performance investigations at the thin
film levels. It is noted that the emissive efficiencies in condensed states may be influenced by the Aggregation-Caused Quenching
(ACQ) and Aggregation-Induced Emission (AIE) effects of fluorophores, which can cause uncertainties in performances at device
levels. We therefore claim the feasibility of the proposed ML methodology in producing reasonable TADF molecules with verifiable
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Fig. 6. Experimental and theoretical fluorescence spectra for (a) mol_ 12 and (c) mol_16 dissolved in Chloroform. (b) and (d) display the normal
modes associated with the vibronic progression for mol 12 and mol 16 respectively. Note that the theoretical spectra are calculated with the
conductor-like polarizable continuum model (C-PCM) [23] to approximate the solvation effect.
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Fig. 7. S; emission energies at S; geometries for mol_12 and mol_16. The theoretical energies are calculated with the def2SVP basis set using
functionals of B3LYP, PBEO, CAM-B3LYP, M06-2X and wB97XD. The experimental values are extracted from the peak positions of emission spectra.
The solvation effect is involved in all calculations.
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Fig. 8. Transient PL decay curves for (a) mol_12 and (b) mol_16 dissolved in toluene, chloroform and hexane respectively.

Table 2
Lifetimes fitted from the transient PL decay profiles for mol 12 and mol_16 dissolved in toluene, chloroform and hexane respectively.
PL lifetime in different solutions (ps) Toluene Chloroform Hexane
mol_12 fast component 0.1 0.12 0.15
slow component 1.81 1.89 5.97
mol_16 fast component 0.05 0.1 0.2
slow component 1.84 1.81 2.18
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photoluminescent characteristics in both gaseous and solution phases, with the potentials of applicability in OLED devices to be
examined in the future.

4. Conclusions

This paper delineates the successful integration of machine learning models within the domain of materials science to expedite the
design, synthesis and characterization of TADF molecules. The research offers a compelling narrative of the symbiotic relationship
between computational predictions and empirical methodologies in advancing the development of TADF compounds, which are
instrumental to the enhancement of OLED technology. The machine learning and high throughput screening approaches, coupled with
high-precision synthetic methods, yielded a series of novel TADF molecules. The subsequent rigorous structural and performance
assessments, through techniques including NMR, PL spectroscopy, transient PL decay and PL quantum yield measurement, affirmed
the structural integrity and notable emission efficiencies of the synthesized molecules in solution phases, thereby validating the
predictive prowess of the ML models. The findings indicate a considerable delayed component in fluorescence behaviours and a non-
negligible quantum yield, further verifying the robustness of machine learning in designing TADF species with desirable photophysical
properties (the statement applies to both of the synthesized molecules). In conclusion, the current work not only provides a scalable
blueprint for TADF molecule development but also exemplifies the potential of machine learning to drive the intelligent advancement
of display technologies.
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