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Beyond the use of raw semiconducting materials, a more
detailed material cost analysis illustrates that in those cases
where transparent conductive oxides such as ITO are commer-
cially obtained and employed as substrate, it is the actual cost
of the substrates what acts as limiting factor in the implemen-
tation of a cost-e�ective screening procedure. In particular,
when employing commercially-available OPV materials, our
calculations show that the cost of the ITO substrates typically
covers 25 to 50% of the total price of the devices (see Table S1 in
the ESI†). In these cases, high-throughput approaches that
minimize the number of prototyped samples have larger associated
value, which increases the potential advantages of implementing
gradient-based screening procedures against other methodologies.

The reward after high-throughput
experimentation: big data scenarios
High-throughput experimentation generates data at unreachable
paces by any other classical experimental approach. Accordingly,
big data readiness is experiencing a notorious upswing in many
scientific areas in the form of publicly available repositories,
including both experimental and th eoretical datasets. In parallel,
the capabilities to extract valuable information from large datasets
have been growing exponentially since the introduction of the
knowledge discovery in databases back in the late 80s.115 Nowadays,
such an old-fashioned term was renamed as data mining, which
refers to the process of extracting implicit information from data
stored in databases.116,117 In materials science and OPV in
particular, data mining procedures are showing an increased
potential for material discovery through generative models in
combination with ML algorithms, which are able to retrieve
performance predictions by inspection of large datasets (Fig. 8b).
In fact, the potential of ML algorithms for high-performing
organic solar cells and data-driven discovery of new materials
has been very recently reviewed in this precise journal.118 In this
section, we present the latest advances on data mining and data
repositories as well as their exploitation by means of AI algo-
rithms to accelerate OPV materials screening and discovery.

The organization of data repositories in academic labora-
tories has been more elusive than in industry, where it is more
common to perform a detailed tracking of the samples and
experimental conditions followed in device manufacture and
testing. Nevertheless, in our own research laboratory the intro-
duction of a rigorous labeling system served us to build a
thorough database of more than 5000 entries over four years
of high-throughput experimentation based on 1D lateral gradients.
This database was first exploited to statistically demonstrate that Jsc

is the best proxy for PCE (see Fig. S1 in the ESI†), in excellent
agreement with other data mining studies (Fig. 8a). 119

However, in general the application of data mining in OPV
requires performing a manual retrieval of data from literature
to build a large enough database to extract statistically robust
conclusions. These data are typically accessed either from the
abstracts or the main text of the articles, thus constituting a
highly time-consuming process performed entirely by humans

due to its complexity. Therefore, authors are encouraged to
submit their curated high-throughput datasets 120,121 in con-
junction with the conventional supplementary information to
ease the build-up of databases.

For this reason, initiatives promoting a careful indexation of
the most prominent results in public repositories are highly
valuable for the development of the corresponding technology.
In thin film inorganic photovoltaics, the publicly open High
Throughput Experimental Materials (HTEM) database currently
contains more than 140 000 classified entries.122 Apart from
easing the exploration of vast material spaces with their corres-
ponding catalogue of structural, chemical and optoelectronic
properties, the database is organized so as to potentially feed
ML algorithms for the development of predictive models or
identification of statistical trends. A similar open-data repository
is available as well regarding solar fuels materials in the Materials
Experiments and Analysis Database (MEAD).123 In OPV, public
consortia such as the recently launched emerging-pv.org
platform 10,124 will be very useful in organizing and automatically
updating a state-of-the-art database freely exploited by data
scientists. In this case, top-performing photovoltaic devices of
emerging technologies are carefully indexed, including as well
the experimental details required to reproduce the corresponding
devices and performance figures. These suites of classified
individual experiments will complement very well the even richer
computational screening compilations of materials such as that
of the Harvard CEP.40

One of the first and most important usages of data mining is
to search for potential correlations between features of the
photoactive molecules employed in the active layer of the devices
and their ultimate performance. As previously mentioned, such
features are known as descriptors: they might include intrinsic
optoelectronic properties such as frontier molecular orbitals
energy levels and energy band gaps, as well as others related
with chemical graphs such as molecular connectivity indices or
number of heteroatoms. An extensive catalogue of computational
tools are currently available to retrieve thousands of molecular
descriptors from any molecule right from their simplified
molecular-input line-entry system (SMILES) string.118This particular
discipline serves to establish quantitative structure–property relation-
ships (QSPR) orquantitative structure–activity relationships (QSAR),
and in the case of OPV we encounterseveral examples of successful
correlation detection. Since the visual inspection of the databases to
extract dependencies with molecular properties is far from being
straightforward, ML models are employed to retrieve potential
correlations as well. However, special attention must be paid to
the curation of the indexed data when dealing with molecular
modeling investigations, 125 as the structural errors can have a
detrimental e�ect on the predictive ability of the obtained
models.126

Sahu, Ma and co-workers built a database consisting of ca.
300 small-molecule OPV devices retrieved from literature and
applied ML models to draw potential QSPR correlations.127,128

In their data analysis, they included 13 di�erent geometrical
descriptors and optoelectronic magnitudes computed via DFT
calculations as well as the experimentally measured device
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devices, performance is no longer a bottleneck in the OPV
technology but the increase of operational lifetimes. For this reason,
high-throughput stability studies 93,99,136 are gaining attention and
should be fostered in the next few years to complement material
discovery. Environmentally-friendly ink engineering represents an
additional aspect that could be exploited as well in high-throughput
experimentation setups.101

On the other hand, autonomous experimentation in self-driven
laboratories are envisioned by many as the next-generation, all-in-
one high-throughput screening platforms in the upcoming
decade.103,104,137,138These fully integrated (closed-loop) workflows
(Fig. 10) are expected to start with a computational virtual
screening step of molecular candidates based on certain
figures-of-merit, which should be accessible computationally.
The procedure follows then by a careful grading based on the
viability of their chemical synthesis, including also a bias
determined by the limitations of the employed equipment
(robotic arms in this case).137 After material synthesis and
sample preparation, self-driven laboratories require high-
throughput characterization approaches such as those based
on hyperspectral imaging,27 combining as well ML methods, to
rapidly construct an approximation of the landscape under
study and propose new experiments. Finally, the upcoming
experiments are orchestrated with the help of AI in a closed
feedback loop until matching the target property, yield or
performance.

However, it is also considered that the high-throughput
experimental synthesis and characterization are the main bottle-
necks of the process.137 Accordingly, these are subjected to
intense research; as an example, novel data-driven experiment
planning algorithms such as the Bayesian-based Gry�n
approach139 have been exploited very recently to drive the synth-
esis of NFAs at a substantially high discovery pace.

Conclusions
Multivariate optimization problems in OPV and related thin-
film technologies have traditionally been handled using time-
and resources-expensive methodologies such as those based on
the manual prototyping of tens or hundreds of samples. The
adoption of higher throughput screening approaches is encouraged
to accelerate the discovery of novel materials and understanding of
their structure…property relationships. In this review, we first sum-
marized some of the main efforts towards computational screening
of materials, which result in the in silico evaluation of the potential
of thousands of compounds. Then, we presented two high-
throughput experimental branches to face this kind of problems
in research laboratories: gradients and robots.

Gradient-based approaches rely on the fabrication of con-
tinuous parametric libraries, either from evaporation sources
or directly from solution, to explore the multivariate space in an
analog fashion. This approach accordingly requires fast acquisition,

Fig. 10 Workflow of a closed-loop approach towards autonomous material discovery. The loop starts by performing a first computational screening
step of molecular candidates, which are evaluated in terms of computationally-accessible figures-of-merit such as PCE based on device models (e.g., the
Scharber model).36 The screening procedure is biased by the experimental limitations of the processing equipment (robotic arms) and eventually grades
selected candidates based on their viability in terms of automated chemical synthesis. Then, automated sample preparation is combined with high-
throughput characterization to rapidly generate experimental datasets and feed ML models. At this stage, AI is exploited to both analyse the experimental
data and to orchestrate ulterior experimental planning via feedback loops with the synthetic, processing and even computational screening steps. The
loop should ideally end when a molecular candidate can be automatically synthetised while matching the desired target properties.
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