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The inverse design of tailored organic molecules for specific optoelectronic devices of high complexity holds an
enormous potential but has not yet been realized. Current models rely on large data sets that generally do
not exist for specialized research fields. We demonstrate a closed-loop workflow that combines high-
throughput synthesis of organic semiconductors to create large datasets and Bayesian optimization to
discover new hole-transporting materials with tailored properties for solar cell applications. The predictive
models were based on molecular descriptors that allowed us to link the structure of these materials to their
performance. A series of high-performance molecules were identified from minimal suggestions and achieved
up to 26.2% (certified 25.9%) power conversion efficiency in perovskite solar cells.

T
he design of hole-transporting materials
(HTMs) for perovskite solar cells (PSCs)
has mainly been driven by experimental-
ists qualitatively recognizing patterns in
HTM structures to improve device per-

formance (1–3). This approach lacks a mech-
anistic understanding of new HTMs but also
requirespattern recognition inhigh-dimensional
datasets. Machine learning (ML) has been used
to detect meaningful patterns for various appli-
cations in science and technology, including
organic synthesis (4, 5), materials science (6–9),
and fabrication process optimization (10, 11).
However, the discovery of new materials with
optimized properties for semiconducting de-
vice functionality (11–13) has not been applied to
emerging photovoltaics. Inverting the relation
between device performance and a material’s

structure is difficult because of the complex
correlation between the material’s structural
features, the processing-dominated microstruc-
ture of composites, and the relative impact of
both on device performance.
Prior efforts have focused primarily on the

use of ML to optimize the fabrication process
or to predict device performance and stability
on the basis of fabrication processes. For ex-
ample, Gaussian process (GP) regression has
been used to model data from robotic device
fabrication, which has enabled the analysis
and prediction of device performance and
stability (14–17). The best parameter set and
objective function could be quickly identified
over the entire parameter space with a mini-
mal number of samples. A similar approachwas
applied by Xu et al. to optimize the passivation
materials for perovskite (18). However, the
training data are limited to the fabrication pro-
cess or commercial materials and, as a result,
did not include the generation of new molec-
ular structures.
Two recent studies combined ML and or-

ganic synthesis. Bai et al. reported a successful
case in which a gradient-boosted tree regres-
sormodel, trained on data from 170 synthesized
conjugated polymers, accurately predicted high-
performance photocatalysts from a virtual
database of 6354 candidates (19). The trend ob-
tained from the training dataset was verified by
experimental data on the newly synthesized
polymers, leading to further refinement of the
model. However, the insoluble characteristics
of those polymers, although reducing the chal-
lenges of purification and enriching the data-
base, have limited the broader applications of
this material class. Gómez-Bombarelli et al. in-
tegrated virtual screening, cheminformatics, and
organic synthesis to predict emitters for organic
light–emitting diodes (12). At that time, the over-
all data volume and iteration number within

the closed loop were restricted by the number
of synthesized molecules.
One of the general findings to emerge from

these most recent studies is that the auto-
nomous optimization algorithms require not
only sufficiently large data volume but also data
diversity, which necessitates the possibility of
synthesizing structurally diversemolecules.Given
the multidimensional nature of optimizing a
chemical structure for device performance, the
challenge is generating sufficiently large and
consistent datasets to ensure the implementa-
tion of these algorithms (9, 20, 21).
To tackle these problems, we have developed

a joint knowledge- and data-based strategy, im-
plemented in a high-throughput (HT) organic
synthesis platform, that can synthesize and
purify >100 solution-processable small-molecule
semiconductors with varying structures and
consistent quality over multiple synthesis cam-
paigns within a time frame of weeks (22). In
particular, the minor fluctuations of <3% ob-
served in PSCs with a power conversion effici-
ency (PCE) of 21% provide a solid foundation
for the smooth operation of the entire work-
flow. The knowledge-based part is pivotal to
design the HT synthesis platform, clarify pu-
rification and characterization of the molecules,
and implement all the necessary analytics to
record properties expected to impact device
performance. This approach provided us with
a sufficient large and diverse dataset for im-
plementing the data-based exploration strategy
by training anMLmodel coupling the structural
features of theHTM to the performance of corre-
sponding p-i-n PSCs. We developed a work-
flow that coupled automatic HT experiments,
ML, and validation through further HT exper-
iments. These feedback loops predicted new
structures based on device results and allowed
for a closed optimization of the material to the
target criteria of the solar cell. We could ra-
pidly acquire sufficient quantities of new or-
ganic conjugated molecules to enable multiple
iterations of experimental data.
The model, trained by 149 synthesized mol-

ecules, accurately predicted high-performance
HTMs from a virtual database of 1 million can-
didates. Given the already considerable com-
plexity of this study, we did not undertake an
individual optimization of the device structure
for each new HTM during the Bayesian opti-
mization (BO) operation. Instead, device opti-
mization was done for a series of HTMs that
showed an initial PCE exceeding 20% after BO
operation. These materials finally reached PCEs
of >26% (certified at 25.9%), highlighting the
enormous potential of coupling material and
device optimization in a combined workflow.

Workflow

We used Suzuki coupling to HT synthesize
new molecules. This reaction facilitates the
combination of two distinct monomers, A- and
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B-type molecules, into a B-A-B–type conjugated
molecule. The workflow (Fig. 1) began with
the creation of a source database and the de-
finition of subdatabases. The source data-
base combined all commercially available
monomers A and B compatible with Suzuki
coupling of organic bromines with boronic

acids. The intermediate database, containing
results of density functional theory (DFT) cal-
culations, consists of 13,000 randomly selected
molecules from the source database. The syn-
thetic database was then selected from the
intermediate database according to specific
rules implanted with a Kennard-Stone algo-

rithm for the initial database and BO for ite-
ration database.
The initial pretraining was executed for rep-

resentative monomers (33 As and 13 Bs) that
were selected to ensure the broadest coverage
of chemical features. We then performed DFT
calculations of robust chemical descriptors for
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Fig. 1. Approach overview. (A) We used three kinds of databases. The source
database was the virtual combination of two types of commercial monomers
using the Suzuki coupling rule. The intermediate database contained randomly
selected molecules from the source database for DFT calculations. The synthesized
database included synthesized molecules used in this study, including an initial
database for model training and two iteration databases for model validation and
correction. (B) DFT calculations provided descriptors of molecules in the intermediate
database. NumAtom, number of atoms; Mw, molecular weight; MolLogP, molecular

logarithm of partition coefficient. (C) Molecules in the synthesized database were
synthesized, purified, and characterized through our in house high throughput
(HT) platform. (D) The synthesized molecules were used as HTMs in PSCs and
characterized in devices and semidevices. ITO, indium tin oxide; BCP/Ag,
bathocuproine and sliver. (E) The model was trained on HTM descriptors and device
parameters. New molecules were predicted, synthesized and experimentally
measured, and fed back to the database. The iteration was repeated until the discovery
of the best HTM from the set. (F) Molecular iterations were summarized and analyzed.



each molecule. Next, high-throughput organic
synthesis was executed in four campaigns along
with purification and characterization to create
an initial database of 101 molecules. We used
these molecules to fabricate and characterize
p-i-nperovskite devices and thenusedMLbased
on calculated descriptors and experimental data
to predict the performance of each new mol-
ecule within the virtual compound library. The
model was then validated by synthesizing

48molecules suggested by the BO in two further
campaigns from a space covering 50 A and
19 B molecules. This process was repeated to
explore further molecules. Lastly, the set of
structure-property relations that connected de-
vice performance to molecular properties was
built and analyzed bymultitask GP regressors
(MTGPR), combining data fromHTM films as
well as HTM-perovskite interface characteriza-
tion. On the basis of these rules, molecular de-

sign principles were established that led to the
iterative refinement of the molecular structure.

Initial library generation: Synthesis and
device fabrication

As the first step, the formulation of an in silico
library encompassing 1 millionHTMs utilizing
the RDKit package (see section S3 of the sup-
plementary materials for details) was described.
To amass a substantial dataset, we set two

Fig. 2. Generation of the initial
library. (A) Monomer descriptor
calculation from different
perspectives. (I) Aromatic ring
species; (II) conjugate length;
(III) substituent species;
(IV) active group; (V) flexible
and rigid units; (VI) electronic
effect; (VII) spatial effect.
(B) Monomer subset selection
(blue ball) with the Kennard
Stone algorithm from a com
mercial monomer library
(square). Selected A (C) and
B (D) monomers for the initial
database. (E) Color map of PCEs
for HTMs in the initial library.
It consists of two parts: the
combination of A1 to A30 with B1
to B2 (top) and A30 to A33 with
B2 to B13 (bottom). In the top
portion, the serial number of
each monomer A is filled in the
cell. (F) In silico library for
HTM descriptors used for initial
library selection.
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primary criteria for monomer selection: (i)
Reacting units (bromine for monomer A, bo-
ronic acid derivatives for monomer B) needed
to be attached to aromatic moieties, and
(ii) monomer B was restricted to only one re-
acting unit to prevent polymerization. No other
selection criteria or any intuitive selection
rules were applied.
Following these criteria, 1132 A and 850 B

monomers were selected. Subsequently, a
script based on RDKit was used to annotate
the monomers across seven aspects, encom-
passing types of conjugated frameworks, sub-
stituent types, electronic effects, and steric
effects (Fig. 2A). The categorization of HTMs
along these seven aspects was aligned to the
current state of understanding how HTMs im-
pact perovskite device performance (3, 23–25).
A representative library of monomers (33 As
and 13 Bs) was then chosen from this space
by using the Kennard-Stone algorithm (Fig.
2, B to D) (26). This sampling method choice
ensured that monomers are selected from uni-
form regions of the feature space. To guarantee
comparability with the reported molecules, a
fewmonomers with good reported performance
were manually added.
To make more efficient use of the selected

monomers and to compare the differences in
their structure-performance correlation, we
refrained from simple pairings. Instead, we
divided the monomers into two groups for

synthesis: A1 to A30 combined with B1 and
B2 and A30 to A33 combined with B2 to B13.
A comprehensive description of the synthesis,
purification, and precharacterization was re-
cently published (22). That routine was an
essential pillar for the next step, the auto-
nomous material discovery for optimized de-
vice performance, which we report in this
work. We adopted a semiautomated synthesis
platform in which a microwave reactor accel-
erated the synthetic process. Subsequently,
the synthesized molecules underwent a two-
step purification involving fast filtration and
recrystallization.
To ensure immediate access to the identi-

fied promising candidates and assess the po-
tential impact of synthesis and purification
methods on material performance, the batch-
to-batch reproducibility of the platform was
verified by characterizing 10 representative
molecules from different batches, including
nuclear magnetic resonance (NMR), mass
spectrometry, optoelectronic properties, and
device performance (see section S2 in the sup-
plementary materials). Minor fluctuations, with
<3% for PCE and <1% for ultraviolet-visible
(UV-Vis) absorption, were observed between
the different batches, so the reproducibility
of our experimental dataset did not limit the
functionality of the ML algorithms. Such high
reproducibility is further relevant for FAIR-
guided data libraries (where FAIR is “findable,

accessible, interoperable, and reusable”) that
would allow other scientists to reproduce our
experiments.
These synthesized molecules were used as

dopant-free HTMs in p-i-n–structured PSC de-
vices, where the function of the HTM goes
beyond merely extracting and transporting
holes; it plays a crucial role in influencing the
crystal growth of the perovskite (23, 27, 28).
Perovskite absorber layers were grown from
either (CsI)0.05(MAPbBr3)0.17(FAPbI3)0.83 (MA,
methylammonium; FA, formamidinium) or
(CsPbI3)0.17(FAPbI3)0.83. We used [6,6]-phenyl-
C61-butyric acid methyl ester (PCBM) as the
electron-transporting layer and silver as the top
electrode. The possibility of HTMdamage dur-
ing the solution deposition of perovskite was
carefully considered and evaluated before con-
ducting device fabrication. Although some
HTMs are soluble in N,N′-dimethylformamide
(DMF)–dimethyl sulfoxide (DMSO) mixture,
only a small amount was washed away during
spin coating the pristine solvents (fig. S8). This
is attributed to the short interaction time
during spin coating but also to the relatively
low solubility in DMF-DMSO mixture.
The resulting current density–voltage (JV)

curves are depicted in fig. S11. Reference de-
vices based on poly(triarylamine) (PTAA), a
state-of-the-art commercial HTM for p-i-n PSCs,
were used to calibrate the variationswithin each
batch of devices. Furthermore, 6 to 12 devices

Fig. 3. Model training based on experimental data and in silico descriptors. (A) Distribution of important features from the dataset used in the model training.
(B) The prediction accuracy of the GP for all device labels, including maximum PCE, Jsc, Voc, and FF. MAE, mean absolute error.



were prepared per molecule to provide suffi-
cient statistics on the data relevance. The
average value was used as the experimental
data point. To further ensure the validity of
the data, reference devices were extensively

optimized tominimize inter batch differences.
The device performance parameters of each
new molecule were normalized to the refer-
ence device with a PTAA hole transport layer
before entering them into the ML model. Ad-

ditionally, throughout the iterative process, the
normalization to PTAA allowed us to adapt the
perovskite recipe throughout the experimen-
tal campaign to achieve better reproducibility
at the highest performance.
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Fig. 4. New synthesized molecules and experimental data for iteration.
(A) Predicted properties of the molecular library. (B) Selected molecules from
the database for iterations based on calculated properties, where marker size
is proportional to device performance. Blue triangles represent the molecules in
the first iteration, and the orange ones, those in the second. (C) Molecular
fragments used of iterative molecules. To visualize the structure of the final

molecules, molecular fragments are used to represent the monomers. (D) Device
performance of molecules for the initial dataset and the iterations. The PCE
of the samples is the average performance normalized to the reference
devices (based on PTAA) of the corresponding batch. (E) Further personalized
optimization of the devices based on representative molecules. Blue, stand
ardized condition; orange, personalized condition based on molecular properties.



The heatmap of the PCEs for all synthesized
molecules in Fig. 2E revealed the initial trends
of interest. The PCEs of molecules A reacting
with B1 were generally higher than A reacting
with B2. Similarly, while keeping the mono-
mer B constant, almost all molecules based on
A30 as a central building block demonstrated
the best performance. This result highlighted
the substantial advantage of B1 and A30, tri-
phenylamine (TPA) derivatives, in HTMs, but
there are notable exceptions: A30B2 > A30B1,
A31B12 > A30B12, and A31B13 > A30B13. The
first and second points share a commonality:
ThemonomersB1 andB12have aTPA structure,
which suggests that excess TPA or its placement
on theperipherymaybedisadvantageous. As for
the third point, it appears challenging to explain
it from chemical intuition alone and highlights
the need to use ML to provide further insights
and identify underlying mechanisms.

ML models and feature engineering

To better understand structure-property rela-
tions in the observed data, we constructed an
MLmodel that correlated representative molec-
ular descriptors to the PCEs of the devices. In
contrast to categorical labels, such as A and B,
continuous molecular descriptors can be used
to provide an ML-readable description that can
integrate unseenA or B fragments into the same
ontology. Typically, this process requires fea-
ture engineering to find meaningful descriptors
for the problem.We generated a large virtual
molecular library by evaluating the expected
reaction products from a set of A and B build-
ing blocks with the RDKit software package.
Subsequently, the three-dimensional geometry
of the molecules was optimized by using a con-
former search in CREST and the semiempirical
density-functional tight-binding program xTB
(19, 29) followed by the calculation of molec-
ular descriptors with DFT in TURBOMOLE
(see section S3 in the supplementarymaterials
for details).
For the ML model, we sought a set of de-

scriptors that adequately captured device dif-
ferences without relying on a specific hypothesis.
To achieve this, we chose a combination of sim-
ple molecular statistics, such as the number
of atom species, aromatic bonds, and specific
functional groups; with theoretically computed
features, such as the logarithm of solubility, mo-
lecular orbital energies, dipole moment; and
geometric properties, such as rotational con-
stants. A list of all features with explanations
can be found in the supplementary materials.
In Fig. 3A, we show the distribution of the

most important features. Although our descrip-
tor acquisition was not based on a single spe-
cific hypothesis, several reported features were
included in the descriptor set, mainly based on
our understanding of how these features may
impact themolecules properties. A fairly straight
criterionwas theDFT-calculatedhighest-occupied

molecular orbital (HOMO) level, which is very
well understood in terms of impacting device
performance. An offset between the HOMO
level of the HTL and the perovskite VB will
lead to an extraction barrier, leading to a re-
duced hole extraction rate and, subsequently, to
enhanced recombination at that interface. The
influence on device performance is expected
to follow a step-function or, rather, sigmoidal
s-shape trend as a function of the energetic off-
set between the two electronic bands. Specific
atoms, such as fluorine (F), and heterocycles,
such as thiophene and aniline, were considered,
as they were reported to have positive inter-
actions with perovskites, such as a passivation
effect (30). Additionally, factors affecting hole
transport, such as molecular rigidity and con-
jugation, were considered. These features were
expected to influence intermolecular interac-
tions (31) and, therefore, were also included in
our descriptor set.
For model selection, we trained different ML

models on a random 10-fold cross-validation
of the 101 experimental molecular data points.
Tested ML models included random forest
regression, linear regression, neural networks,
GP regression, and kernel-ridge regression. All
simple models performed equally well. For BO,
we chose the GP as a surrogate model because
it offered an uncertainty measure required in
many acquisition strategies. The prediction
accuracy of all device labels beyond PCE for
the GP model is shown in Fig. 3B. A more de-
tailed analysis of the influence of features and
what physical insights can be learned from the
ML models is discussed in “Model analysis.”

Experimental validation of the model

To demonstrate that the ML model can dis-
cover new molecules by predicting viable new
organic semiconductors for hole extraction,
we conducted two iterations of closed-loop ma-
terials optimization. This process entailed the
identification of potential candidates through
the ML surrogate model and Bayesian selec-
tion criteria, automatic synthesis of candidates,
and, lastly, device characterization used to up-
date themodel. In the first iteration, 24 newmol-
ecules (blue triangles, Fig. 4A) were synthesized
in a single batch and characterized to validate
the previously obtained model. New building
blocks (A525-pyridinone, A772-dicyanovinyl)
and asymmetric structural motifs were consid-
ered to enrich the diversity of molecular struc-
tures in the database. The monomer database
for synthesis was expanded from 33 × 13 to
50 × 19, mainly throughML recommendations,
supplemented by accessibility, derivatives ex-
hibiting high-performance structures in the
initial database, and random acquisition.
The target for optimization was the device

PCE averaged over 12 devices with an upper con-
fidence bound (UCB) acquisition function,which
should have identified high-performance HTMs

for further exploration.We found that the new
series ofmaterials resulted in device PCEs that
were generally higher than those of the mate-
rials in the initial database, demonstrating the
advantage of ML over random sampling or
grid search approaches when operated in the
“exploit” mode. Among them, six molecules
exceeded the PTAA-based device reference. We
also observed outliers to the predictions (sam-
ples 110 and 120), which were separately ex-
amined (see section S4 in the supplementary
materials) and could be explained in terms of
impurities, unfavorable wetting behavior, or
limited solubility.
For the second iteration, we increased the

explorative character of the UCB in the model
(5, 17). Subsequently, molecules 126 to 149, rec-
ommended by ML, were synthesized (Fig. 4).
Although no new champion HTM was found,
the average PCE of predictions was still very
high, comparable to that of the first iteration.
This result affirmed the potential and viability
of our workflow, considering the multitude of
factors governing the performance of perov-
skite devices. Device performance is only par-
tially limited by the HTM, as many other layers,
including the electron-transporting layer, the
electrodes, and the quality and defect density
of the absorbing layer, can also reduce per-
formance. Moreover, the physical models be-
hind these losses include multiple chemical
and physical phenomena, including inherently
limiting material properties, generation, re-
combination and transport dynamics in semi-
conductors, the energetics of interface formation
and the corresponding potential landscape
in thin-film devices, thin-film microstructure
formation, the device architecture itself, and
the macroscopic film homogeneity. All of
these aspects are described in the ontology of
perovskite devices that has been recently up-
loaded on Matportal (32).
Given these aspects, we were surprised to see

thewide spread inPCEamong the variousHTMs
within our library. We expected a threshold-
type behavior for HTMmaterials having a too-
small bandgap or a too-small or even negative
offset in the HOMO and lowest unoccupied
molecular orbital (LUMO) potentials versus the
valence band maximum and conduction band
minimumof the perovskite. However, the broad
variation of representative PCE values ranging
from 15 to 21% postulates that the nature of the
HTMmolecules can determine the performance
of perovskite devices beyond our expectations.
To obtain accurate trends, the performance

of these molecules was characterized under
uniform device conditions, with the standard
device optimized based on PTAA. When ex-
ploring the limit of a material's performance,
device parameters need to be adjusted accord-
ing to the material's characteristics. Thus, we
selected three promising molecules for indi-
vidualized device performance optimization.



We adopted a bottom-up optimization ap-
proach, from HTM to perovskite to electron-
transporting material (ETM) (see section S5
in the supplementarymaterials). These efforts
improved device PCE by 10 to 20%, reaching
performance levels of 23.5 to 24.3% with a fill
factor (FF) of 87%.
Considering that new conditions might af-

fect the original ranking of materials, thereby

influencingML predictions, we selected 20mol-
ecules from the database to observe the impact
of individualized optimization on trends. The
results showed that it slightly affected the open-
circuit voltage (Voc) and FF trends, but the im-
pact on the PCE trendwas negligible (fig. S30).
To further fully explore the potential of those
materials onVoc and short-circuit current den-
sity (Jsc), we further refined the perovskite for-

mulation and ETM to better align with the
properties of those HTMs (Fig. 4E).
As a result, the reference device using the

state-of-the-art small molecule MeO-2PACz
achieved a PCE of 24.6%, with a Voc of 1.165 V,
Jsc of 25.6 mA/cm2, and FF of 80%. By con-
trast, when using the same recipe, A1090B769
(sample 130, a small molecule that synthesized
in the second iteration) showed a substantial
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>22% (101)

PCE = 0-22% ( pool size ~ 106)
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20-22% (103)
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Fig. 5. Model analysis. (A) Feature importance of the RFM evaluated from
the M matrix coefficients. LogP is the water octanol partition coefficient, which
acts as an indicator of solubility in polar versus nonpolar solvents. Morgan
fingerprint (FP) density is an approximative and relative count of the diversity
of substructures in a molecule. More symmetric molecules with only few simple
building blocks have lower Morgan FP densities compared with complex,
nonsymmetric molecules with diverse building blocks. (B) Molecular design rules
guided by machine learning results. (C) Covariance matrix of the multilabel GPR for

PCE and additional device characteristics. t1perov and t2perov are the carrier lifetimes
of two recombination processes in the glass/HTM/perovskite device, with the laser
incident from the perovskite side, whereas t1glass and t2glass are measured with the
laser from the glass side. PLQYperov and PLQYglass refer to the photoluminescence
quantum yield of the glass/HTM/perovskite device, measured with the laser incident
from the perovskite and glass sides, respectively. DV0 and DJ0 are the derivatives of
the JV curve in V = 0 and J = 0, respectively. CA is the contact angle. Abs, absorbance.
(D) Linear model test predictions for the leave one out CV scheme.



improvement in the performance, achieving a
Voc of 1.195 V, a Jsc of 26.0mA/cm2, and a FF of
84%. These enhancements culminated a PCE of
26.2% (certified 25.9%) alongside an opera-
tional stability (ISOS-L2, 65°Cwithmaximum
power point tracking, under light) (33, 34) and
maintained 80% of the initial performance
(T80) for more than 1000 hours. This is attrib-
uted to our HTM’s passivating properties, sup-
pressing nonradiative recombination at the
interface more effectively. On the other hand,
the state-of-the-art polymer PTAA demonstra-
ted notably lower performance, with a Voc of
1.105 V, a Jsc of 24.0mA/cm2, and a FF of 82.4%.
Finding performance values as high as 26.2%
for a process, significantly surpassing those of
state-of-the-art polymers and small molecules,
demonstrates the power of this approach.More-
over, it outlines the next major steps for the
combined material and device acceleration
strategy that replace single-objective optimiza-
tion with multiobjective optimization tasks. We
emphasize that, although this study uses PCE
as the sole optimization criterion, stability is
regarded as equally important in the field of
PSCs. Encouraged by the outcome of this first
campaign, we are currently preparing to imple-
ment a multiobjective optimization routine
for efficiency and stability as a function of
the HTM in our workflow. Looking forward
in a positive manner, we see material costs,
toxicity, and recyclability as potential future
optimization criteria to be included in such
materials discovery campaigns.

Model analysis

To obtain interpretable insight into what our
MLmodels have learned and to identify physical
parameters that influence the device perfor-
mance, we added further experimental material
properties and extracted feature importance
information from the trainedMLmodels (Fig. 5).
We first focused on analysis of the model to
better understand which molecular descrip-
tors are relevant for the model’s predictive
performance within the generated data. We
then systematically evaluated which molec-
ular descriptors are relevant for the model’s
ability to generalize to unseen building blocks
and, thus, newmolecules, which is relevant for
molecular discovery. Lastly, we focused on the
usefulness of additional experimental obser-
vations in improving model performance to
help find relations between PCE and other
device characteristics, which might serve as
intermediate measurements in the future to
speed up the experimental iteration cycles by
introducing proxy measurements or stopping
criteria. Because the HOMO position is relevant
for charge extraction from physical consider-
ations, the HOMO level position is expected to
be aligned between the electrode and the pe-
rovskite and is identified as a notable feature
in Fig. 5A (35–37).

To identify more decisive features, we con-
ducted a feature analysis using the Recursive
Feature Machine (RFM), a kernel machine that
recursively learns features importance (38). As
in Radhakrishnan et al., we used a generaliza-
tion of the Laplacian kernel that incorporates
a learnable feature matrix M to compute the
Mahalanobis distance between data points (39).
The coefficient of determination (R2) on the
test data of this method was evaluated to be ap-
proximately 0.5. On 100 randomized train-test
splits, we ranked the largest feature matrix val-
ues of the trainedKernelmethods inFig. 5C. The
features on which the RFMmodel focused are
purity, HOMO level, HOMO/LUMO gap, and
the presence of tertiary amines.
Aside from the electronic properties of the

molecule, the purity of the synthesis product is
the most crucial descriptor for the final device
performance. This finding corroborates that im-
purities typically reduce overall performance be-
cause of potential diffusion and the introduction
of traps or unwanted doping in adjacent layers.
Other important factors were the presence of
nitrogen atoms, which reflects the observations
mentioned above in Fig. 2F, dipole moment,
molecular shape, and, to a lesser degree, com-
position and overall bond type or conjugation.
Some of those descriptors might hint at un-

derlying physical structure-property-function
relations, whereas other descriptors are only
relevant for the specific dataset and choice of
building blocks. Because the dataset is not
strictly independent and identically distrib-
uted, we additionally evaluated the general-
izability of our MLmodels in a leave-one-out
cross-validation scheme. We iteratively picked
each single molecule as a test set and removed
the same A and B building blocks from the
training set to make sure that the model can-
not produce its predictions by simply learning
to recognize themolecular fragments.We trained
GP and RFM models and evaluated their test
error with this validation scheme, reaching in
both settings an R2 value of approximately 0.3.
Although the test error increased, the model
could still generalize to unseen data points. The
most relevant features in this setup remained
similar to Fig. 5A in the importance ranking:
the presence of tertiary amines, HOMO/LUMO
gap, and HOMO level, but also dipole moment
and the presence of biphenyl substructures.
We confirmed that the model learned to pre-
dict the perovskite device performance for un-
seenHTMmolecules, as required formaterials
discovery. We furthermore confirmed that the
structural features generalize to unseen build-
ing blocks, which increases the likelihood that
they encode underlying physical relationships.
However, further expansion of the set of inves-
tigated building blocks would be required to
further elucidate these relations.
To have a more interpretable model, we

trained a linear regressionmodel applying first

both a forward and a backward sequential
feature selection, which is a family of greedy
search algorithms used to reduce the feature
space to a lower subset. We evaluated the re-
sulting models with the Bayesian information
criterion to select the best-performing set of
features we had learned so far. Our selected
model uses eight features [aromatic bonds and
atoms counts, logarithm of the partition coeffi-
cient (logP), count of nitrogen atoms, purity,
dipole, rotation constant c, and the presence of
tertiary amines] to predict the PCE, achieving
an R2 of approximately 0.46 (Fig. 5D), which is
higher than that of any other model we found.
Additional experimental input from extended

characterization was generated to increase
the diversity of input and output parameters,
including wettability, photoluminescence quan-
tum yield (PLQY), and time-resolved photo-
luminescence (TRPL) (see sections S1 and S4
of the supplementary materials for details).
Because these measurements are often only
available after producing the device, we added
them as ulterior outputs and trained a MTGPR
on the joined target space. The task covariance
matrix represents potential correlations that
the MTGPR model uses with a kernel function
shared among tasks (Fig. 5C). It shows the
expected correlation between Voc, Jsc, and FF
with the PCE. To a lesser extent, it also indi-
cates correlations between PCE and additional
labels, for example, with TRPL, which would be
consistent with current reports (40–43). How-
ever, the correlation was not as pronounced
as expected and did not lead to a statistically
significant improvement in PCE prediction
accuracy when the additional labels were fed
to the multitask model.
Lastly, to provide chemists and material sci-

entists with a clearer understanding of our
findings, enabling them to delve deeper into
molecular design based on our finds, we used
chemical language to elucidate the results of
ML (Fig. 5B). The feature importance plot dis-
tinctly highlights the significance of HOMO and
the presence of tertiary amines in the model.
The significance of HOMO in molecular de-
sign has been widely recognized, given its de-
cisive role in charge extraction at interfaces.
However, the presence of tertiary amines is
often overlooked.
Upon examining all synthesized molecules,

we discovered that the presence of tertiary
amines often refers to TPA, the low ionization
potential of which contributes greatly to the
molecule's HOMO (2). Based on these two de-
scriptors, all synthesized molecules could be
categorized into three types: Type I, TPA-absent
molecules, referred to as AxBy; Type II, with
TPA on the periphery, typically AxB1 structures;
and Type III, with TPA at the molecular center,
typically A30By structures.
Under this classification, a pattern emerged

in HOMO and PCE: (i) HOMO ranges from 5.1



to 6.1 eV with 5 to 14% PCE; (ii) HOMO from
4.3 to 5.2 eV with 13 to 20% PCE; and (iii)
HOMO from 4.9 to 5.7 eV with 15 to 21% PCE.
This classification narrowed the candidate pool
from 9.6 × 105 to 5.8 × 103 molecules. Once the
A position was established as TPA, molecular
properties were primarily influenced by the B-
position group. The feature importance anal-
ysis also highlighted the roles of the HOMO/
LUMO gap and dipole moment. The combina-
tion of TPAandacceptors ensured an appropriate
HOMO-LUMO bandgap, with heteroatoms in
acceptors also contributing to perovskite pas-
sivation. This combination further reduced
candidates from 5.8 × 103 to 4.6 × 102 mol-
ecules. To facilitate rapid selection by chemists
without DFT calculations, we used the topo-
logical polar surface area (TPSA) as a rough
indicator of the building block's polarity and
electron-withdrawing capacity, which is read-
ily searchable with PubChem.
The performance of molecules should be

finely tuned based on TPA and acceptors, such
as the edge-on orientation positively impact-
ing passivation and charge transport. In the
combination of TPA derivative and five B
groups (fig. S22), device performance was sys-
tematically enhanced through fine-tuning of
the B-position group and TPA structure. For
example, groups such as A770, with slightly
weaker symmetry, tend to exhibit better de-
vice performance. This fine-tuning can reduce
the number of candidate molecules from 100
to 10, a quantity that is well within the realm
of high-throughput synthesis.
We summarize by highlighting the two-fold

strategy learned from training anMLmodel to
be capable of predicting such a complex property
as a device performance based on molecular
structure input. Such models can be further
explored in a twofold strategy. On the one hand,
it can be used in autonomous workflows to
identify and predict further novel molecules.
On the other hand, synthetic researchers can
use that model to predict perovskite device
performance for newmolecular designswithin
a certain chemical space, and that process can
be further guided and supported by the set of
design rules extracted that are elucidated from
a fully trained model.

Conclusions

We demonstrate a workflow for discovery of
functionalmaterials optimized for highly com-
plex applications such as photovoltaic devices.
We built predictive models based onmolecular
descriptors, allowing us to link the structure of
a material to the performance of a highly com-

plex device, such as a solar cell. The inclusion
of organic synthesis in self-driven autonomous
labs in combination with autonomous device
optimization lines enabled this workflow, and
this approach could be extended to other ap-
plication areas. This capability is particularly
important for device processing and optimiza-
tion, which necessitates a nuanced understand-
ingof both thematerial and theprocess involved.
Looking forward, we aim to integrate mate-

rial discovery and device optimization into a
seamless, closed-loop process. Achieving this
will require a concerted effort in interdis-
ciplinary research, combining insights from
materials science, engineering, and advanced
computational techniques to create a syner-
gistic workflow. This integrated approach is
the most promising strategy to revolutionize
the way we develop and optimize materials
for cutting-edge technological applications.
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