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ABSTRACT: We present a simulation of various active learning strategies for the discovery of polymer solar cell donor/acceptor
pairs using data extracted from the literature spanning ~20 years by a natural language processing pipeline. While data-driven
methods have been well established to discover novel materials faster than Edisonian trial-and-error approaches, their benefits have
not been quantified for material discovery problems that can take decades. Our approach demonstrates a potential reduction in
discovery time by approximately 75%, equivalent to a 15 year acceleration in material innovation. Our pipeline enables us to extract
data from greater than 3300 papers which is ~S times larger and therefore more diverse than similar data sets reported by others. We
also trained machine learning models to predict the power conversion efficiency and used our model to identify promising donor—
acceptor combinations that are as yet unreported. We thus demonstrate a pipeline that goes from published literature to extracted
material property data which in turn is used to obtain data-driven insights. Our insights include active learning strategies that can be
used to train strong predictive models of material properties or be robust to the initial material system used. This work provides a
valuable framework for data-driven research in materials science.

B INTRODUCTION

Machine learning (ML) methods have become ubiquitous in
materials science. Indeed, data-driven methods have enabled
the discovery of new materials for applications such as high-

optimization of materials systems such as polyoxometallate
clusters'>'® and palladium-catalyzed arylations."” However,
these studies were laboratory-scale experiments that were run
under a controlled setting over a short time scale relative to the

breakdown strength dielectric polymers,' ™ heussler alloys,*”
organic photovoltaics with high power conversion efficiency,”’
and gas separation membranes with high selective perme-
ability.” Active learning is a technique that is used to drive this
improvement. It leverages trained models of material proper-
ties to identify promising candidate materials and then
augment the training set once the candidate material is
“measured”, to improve the predictive performance of the ML
models. Active learning methods have been used to discover
high hole mobility thin films,” alloys for gas turbine engine
blades,'’ and high glass transition temperature polymers.'"
Recent work has benchmarked the performance of various
active learning strategies on ?roblems such as electro-
catalysis,'” magnetic properties, ° and band gap.'* Several
studies have also benchmarked the performance of human
scientists against bayesian optimization algorithms for the

© 2024 The Authors. Published by
American Chemical Society

7 ACS Publications

many decades it can take for materials discovery to play out for
important applications. Polymer solar cells offer a promising
playground for us to quantify the time savings offered by the
use of machine learning methods in materials science using
historical data.

Traditionally solar cells are inorganic and are made of
crystalline silicon or amorphous silicon. Light incident on the
solar cell's surface produces electron—hole pairs, generating a
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potential that can drive an external load. Due to the use of an
inorganic material like silicon, the cost of manufacturing such
cells is increased due to the high temperatures required to
process silicon. Polymer solar cells, on the other hand, are
made of organic materials and can thus be processed at much
lower temperatures. The most common configuration of a
polymer solar cell is as a bulk heterojunction blend of two
materials known as the donor and acceptor. Finding optimal
donor/acceptor combinations that lead to high power
conversion efficiency (PCE) is an active area of research.
Historically, the acceptor was based on fullerenes, typically
[6,6] phenyl-C61-butyric acid methyl ester (PCBM). In recent
years, though nonfullerene acceptors have gained traction and
have led to solar cell configurations with much higher
efficiency.'®

The chemical space for donors and acceptors is vast, making
machine learning methods a promising avenue for narrowing
down the chemical space before testing candidate materials.
Past work has developed machine learning models for polymer
solar cells to identify promising donors for fullerene systems'”
as well as promising nonfullerene acceptors.”’ Ref 7 uses
trained ML models of PCE to find promising candidate
materials and then tests cells fabricated using ML predictions
to discover new viable candidates. The number of experimental
papers published in this space is quite large however and
covers a wide chemical space. In this work, we found over
~3300 relevant papers using our pipeline. The papers that
typically applied ML methods to polymer solar cells relied on
data that was manually collected and covered about 500 papers
on average. A summary of publicly available polymer solar cell
data sets is provided in Table 1. Thus, due to the manual

Table 1. Comparing Public Data Sets of Polymer Solar Cell
Device Characteristics”

Number of unique

Type of data data points Number of papers Reference
Fullerenes only 1200 500 19
Nonfullerenes only 1001 - 21
Nonfullerenes only 1318 558 6, 20
Fullerenes only 350 - 22
Fullerenes and PSCyyp: 258S; PSCyyp: 3307; This

nonfullerenes PSCeyuratea: 867 PSCeyratea: 861 work

“PSC in this table refers to PolymerSolarCells.

nature of data collection, nearly five-sixth of relevant papers
typically cannot be parsed for data extraction due to time
constraints. The use of natural language processing (NLP)
offers a potential solution to the problem of collecting material
property data at scale.

NLP is a way to get computers to understand human text.
NLP has been used in materials science to obtain insights from
inorganic literature as well as polymer literature by extracting
structured material groPerty data or synthesis data from a large
number of papers.”” > We used NLP methods to extract
device characteristics of polymer solar cells from the abstracts
of materials science literature. A data extraction pipeline was
developed as part of a previous work™ > that recognized the
categories of words in text using machine learning models and
used heuristic rules to link them into a material property
record. Using this pipeline, we obtained a data set of donors
and acceptors and their corresponding device characteristics
such as PCE which we call PolymerSolarCellsy; p. We curated a

subset of PolymerSolarCellsy;p to record the structure of the
donor and acceptor as a SMILES string’® which we call
PolymerSolarCellscyated-

Using PolymerSolarCellsc, gy We trained a machine
learning model that takes the donor and acceptor as input
and predicts the PCE (overall pipeline shown in Figure 1). We
used this trained model to predict the PCE for all donor/
acceptor combinations not found in PolymerSolarCellscy,y¢eq to
identify promising candidates with high PCE. This training
methodology was also used while simulating an active learning
loop. The fundamental premise of using machine learning in
materials science is that we can discover new material systems
faster than would otherwise be possible through trial-and-error.
We provide the first quantitative evidence for this that goes
beyond laboratory scale active learning experiments by
comparing the sequence of donor/acceptor systems obtained
using active learning to the actual evolution of PCE for
polymer solar cells over 20 years. We thus make a stronger
policy case for wider systemic adoption of machine learning for
the discovery of new materials and provide some best practices
for the deployment of active learning for materials discovery.
All code and data needed to reproduce the results in this paper
can be found at https://github.com/pranav-s/
PolymerSolarCellsML.

B METHODS

Data Extraction Pipeline from Literature. We created a corpus
of 2.4 million materials science journal articles by web scraping and by
downloading from publisher-specific APIs. Elsevier, Wiley, Royal
Society of Chemistry, American Chemical Society, Springer Nature,
Taylor & Francis, and the American Institute of Physics are the
publishers included in our corpus.® These papers span the years 2000
to 2022. A subset of 750 abstracts was annotated using an ontology
specific to the materials science domain consisting of the entity types
POLYMER, POLYMER CLASS, PROPERTY VALUE, PROPER-
TY NAME, MONOMER, ORGANIC MATERIAL, INORGA-
NIC_MATERIAL, and MATERIAL AMOUNT. A named entity
recognition (NER) model was trained using the annotated data set.
The trained NER model along with heuristic rules for entity linking
was used to extract material property data from the abstracts of all
papers in our corpus that were polymer-relevant. This extracted data
set represents all material property data reported in the abstracts of
our corpus of papers. A subset of this material property data
corresponds to polymer solar cells. The selection and curation of this
subset are described next. Refer to ref 35 for further details.

Creating PolymerSolarCellsy p. Polymer solar cells was the
domain with the largest number of papers in our corpus. (Note that
our usage of polymer solar cells refers to cells in which at least the
donor is a polymer,*” ™ in contrast to all-polymer cells*>*" in which
the donor and acceptor are polymers.) It is conventional for scientists
to record information such as the donor/acceptor system developed
in the paper as well as its key device characteristics in the abstract of
the paper. Moreover, this field has for the most part developed over
the ~20 year time span between 2000 and 2022 which overlaps well
with the time frame of our corpus of papers. Most of the research in
this field has also focused on developing a donor/acceptor that
improves one key property, namely the power conversion efficiency of
the resulting cell. This makes it an ideal playground for our active
learning experiments.

We picked the subset of abstracts (from which we extracted all
material property data) that contained the keyword “solar cell” and
contained reported values for PSC device characteristics. We also
excluded keywords such as “perovskite”, “dye-sensitized”, “tandem
solar cell”, “quantum dot”, “hybrid solar cell”, “silicon solar cell”, and
“ternary solar cell”. In practice, it is common for authors working in
polymer solar cells to report in the abstract the device characteristics
associated with the most important donor—acceptor combinations
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Figure 1. Pipeline used for extracting polymer solar cell PCE data from published literature which is then used in two ways: (1) To train ML
models of PCE and predict high-performing donor/acceptor pairs not reported in the literature and (2) to simulate an active learning loop through
which donor/acceptor pairs are “discovered” sequentially. (J71, Y6) referenced in the figure is a donor/acceptor pair.

tested in the paper, as they are the most significant results reported.
Since the ontology used in ref 35 was not specific to polymer solar
cells, it was necessary to distinguish donor and acceptor labels for
material entities reported in the abstract. We labeled material entities
as donors or acceptors based on the following hierarchy of rules. (1)
Donors and acceptors are often separated by a “/” or a “.” such as
“P3HT/PCBM” or “P3HT:PCBM”, wherein the first entry is the
donor and the second entry is the acceptor. Material entities
mentioned in this manner were labeled as donors and acceptors,
respectively. (2) POLYMER or ORGANIC entities that co-occur with
the word donor or acceptor were labeled as the donor and acceptor,
respectively. (3) If PCBM or any other fullerene is mentioned in the
text then it was labeled as the acceptor. (4) If an ORGANIC entity is
present in the list of materials for a material property record then it

was labeled as the acceptor and the POLYMER entity in that material
list was labeled as the donor. This case could also correspond to a
small molecule donor and a polymeric acceptor. However, small
molecule donors are rarely observed in our data set and are hence
ignored in this rule. Anything that fell outside the above set of rules
was marked as being ambiguous and required manual curation.

It is common for polymers to be referred to by generic identifiers
such as P1 or P2 and for the corresponding structure to be provided
in the paper. In such cases, we changed the name of the entity to
P1_DOI where DOI is the digital object identifier of the paper. This
helps distinguish this case from other papers where similar identifiers
were used. PolymerSolarCellsy, p thus contains NLP extracted donor/
acceptor pairs and their corresponding device characteristics. The
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NLP pipeline also extracts coreferents (such as abbreviations) for the
donor and the acceptor.

Curating PolymerSolarCellsy,, to create PolymerSolar-
Cellscyrateq- To train machine learning models, we curated a subset
of PolymerSolarCellsy;p to (1) fix any extraction errors made by the
NLP pipeline and (2) collect SMILES strings for donors and
acceptors which can be used to generate a structural fingerprint of the
material entity for training ML models. The SMILES string is a string
representation of the structure of a molecule.

With each extracted data point in PolymerSolarCellsy;p as the
starting point, curators checked the corresponding abstract to see if
the NLP extracted data was correct. If any part of the NLP extracted
data was incorrect, then annotators fixed the entities extracted
incorrectly. This included ensuring that the donor, acceptor, and
corresponding device characteristics mentioned in the abstract, i.e.,
PCE, fill factor, open circuit voltage, and short circuit were recorded
correctly whenever present. Any relevant material property data
present in the abstract that the NLP pipeline failed to extract was
recorded manually by the annotators. There were cases where only
the donor or the acceptor was mentioned in the abstract while the
other had to be located in the body of the paper. In such cases, the
material entity not found in the abstract is provided in single quotes
to distinguish it from cases where the material entity is provided in the
abstract. The SMILES strings for all donors and acceptors were also
recorded. The SMILES strings for the most common donors and
acceptors found in our corpus were first created and then
prepopulated in the corresponding data point to avoid repeating the
effort of recreating those SMILES strings. For every other case, the
SMILES string was constructed by looking for the structure among
the figures in the paper and using the draw tool found in
polymergenome.org to construct the SMILES string. In cases where
the structure was not found in the paper, the annotators looked for
supporting references that contained the structure. Note that we used
the psmiles convention as defined in ref 42 for polymer SMILES
strings. Creating the SMILES strings was the most time-consuming
aspect of data curation.

In addition to the basic curation workflow described above, we
employed several filtering criteria. We were only interested in
properties reported for bulk heterojunction polymer solar cells.
Thus, the donor in each data point is a polymer and papers dealing
with ternary systems, i.e., with multiple donors or multiple acceptors,
were excluded. This was done so that the learning problem could be
formulated using a single donor and acceptor. Small molecule donors
were excluded as very few papers in PolymerSolarCellsy; p report such
data given that our NLP pipeline was engineered to extract polymer
property data. Out of 150 papers randomly sampled from Polymer-
SolarCellsy;p, there was only one paper corresponding to a small
molecule donor. We also excluded papers reporting properties
computed through simulations or materials that were discovered
using data-driven methods such as ref 7.

The device characteristics reported in PolymerSolarCells,,.q are
power conversion efficiency, fill factor, open circuit voltage, and short
circuit current. In the analysis that follows, we only make use of the
power conversion efficiency. Note that all property values curated
were mentioned in the abstract. In the case that multiple property
values are found in the abstract corresponding to different fabrication
conditions, the annotators were instructed to record only those
corresponding to the highest power conversion efficiency. This
corresponds to the optimal fabrication condition.

Machine Learning Prediction of Power Conversion Effi-
ciency. We used PolymerSolarCellsc,q to build machine learning
models of the power conversion efficiency (PCE) of a polymer solar
cell. We modeled the PCE as being dependent on only the donor and
acceptor. In practice, the PCE depends on factors like the weight
fractions of the donor and acceptor and other device fabrication
parameters.”> We however assumed that the property values reported
in the abstract are for systems in which other factors have been
optimized. This is because scientists typically report the highest PCE
value they measure as one of the key contributions of their paper
which in turn corresponds to an optimized cell. We empirically

validated this assumption by sampling 20 papers in Polymer-
SolarCellsc,eq and verified that this assumption held true in all 20
papers. Our problem formulation is more general than several others
reported in the literature which only use the structure of the donor
and assume that the acceptor is a fullerene'® or do not consider the
effect of the acceptor.” Due to the recent rise of nonfullerenes,'® it is
necessary to include acceptors in the problem formulation as done in
ref 44. For donor—acceptor pairs for which multiple power conversion
efficiencies are available, we took the median of all available values.
The values may differ due to differences in the electron or hole
transport layer, additives used during the synthesis of the active layer,
or the morphology of the active layer. Taking the median “averages”
out these factors.

We used hand-crafted fingerprints described in earlier work™ to
fingerprint the donor and acceptor. While other fingerprints have
been developed for featurizing polymers using ideas such as graph
neural networks®® and BERT-based fingerprinting,*” we used
handcrafted fingerprints for this work as they can be used to
fingerprint polymers as well as organic molecules. Moreover, each
fingerprint component corresponds to a predefined chemical feature
which enables us to “peer” into the model and determine why the
model made certain predictions. In cases where the donor or acceptor
is a copolymer, we take the average fingerprint of all components of
the copolymer, in keeping with past work.”’ Further details on
fingerprinting methodology can be found in the Supporting
Information, Section 2. Min-max scaling is performed on all
fingerprint components to ensure that they are each between 0 and
1. The vector fingerprints for the donor and acceptor were then
concatenated and input to a Gaussian Process Regression (GPR)
model to predict the power conversion efficiency. The fingerprint
dimension is 745 while the number of data points is 83S. (This is
lower than the total number of unique donor/acceptor systems (867)
contained in PolymerSolarCellsc,,,q as 32 donor/acceptor systems in
PolymerSolarCellsc,,.q have device characteristics other than PCE
such as fill factor or open circuit voltage reported in the corresponding
abstracts.) Neural networks tend to overfit when the number of data
points is close to the dimension of the feature space while GPR
models generalize much better in this regime, making it a natural
choice for our problem.* We used the Python package scikit-learn*’
to train GPR models. We used a Matern kernel®® with v = 1.5. We
chose this kernel as it is well tested in a variety of materials
informatics problems.”' >* PolymerSolarCellscy,eq is split into 85%
for training and 15% for testing. We used the root mean squared error
(RMSE) and the coefficient of determination (r) to assess model
performance.

Data Selection Methods for Simulating Active Learning of
Polymer Solar Cells. Using PolymerSolarCellscyeq as the set of
candidate materials, we picked a sequence of donor/acceptor pairs
using several data selection methods. This process was continued until
the data point with the highest PCE in the data set was discovered.
This in effect simulates an active learning generated path of how the
field of polymer solar cells may have developed and can be used to
compare against how the field developed. Let y"*® be the predicted
value of the GPR model for the ith test point and o; be the
corresponding uncertainty of the GPR model evaluated at that point
where i € {1, .., N} and N is the number of test points at a given step
in the active learning loop. Suppose the current step in the active
learning cycle is T. Let Y; represent the random variable
corresponding to the measurement of the ith test point. If GPR is
used to model Y, then it is known that Y; is Gaussian distributed with
mean "¢ and standard deviation 5, We employed several different
methods to pick the next data point to test: (1) Gaussian Process-
Upper Confidence Bound (GP-UCB): This uses the predicted value
along with its uncertainty to pick points, ie, y"™¢ + fo. The
parameter f# controls the trade-off of exploration versus exploitation. A
higher value of  indicates a belief that higher value points are likely to
be found in regions of uncertainty while a lower value of beta
indicates a belief that the model predictions should be exploited as is.
We used a value of # = 1 in this work as it represents a balanced trade-
off of exploration and exploitation.>* (2) Gaussian Process-
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Probability Improvement (GP-PI): Intuitively, this method looks for
points that have the highest probability of being greater than some

o _ pred pred _ g
%) = d)('v’ - ) Here ®(.)

i i

threshold 6. P(Y, > 0) =1 — QD(

is the cumulative probability distribution function for a standard
Gaussian. In practice, the threshold is selected to be the value of the
highest y sampled until that point, multiplied by some improvement
fraction 1 + v, ie, 6 = max,(,..7(1 + v). We pick a value of v =
0.01. This provides a practical compromise between being too
aggressive or too conservative in seeking improvements across all
active learning cycles. This is enough to avoid negligible improve-
ments between cycles but is not so large as to miss potential subtle
improvements in areas close to the current best observations thus
leading to consistent and gradual improvement.> After computing the
probability of improvement for all test points, we pick the point with
the greatest value. (3) Gaussian process-expected improvement
(GP-EI): In contrast to the previous method where we compute the
probability of improvement over some threshold, here we look at the
expected value of the difference between the value and the threshold.
Thus, we compute the quantity E[Y; — 0] = /:: (X' - G)p()g) dy.
ed pred

pr
This evaluates to E[Y,— 0] = (yipred - Q)CD(J,‘T) + Gi(ﬁ[y’ ],

G

where ¢(.) is the probability distribution function of the standard
Gaussian. The threshold is computed the same way as GP-PI. After
computing this quantity for all test points, we pick the point with the
largest expected improvement. (4) Greedy acquisition: This method
simply looks at the highest predicted values yP". This is equivalent to
using f§ = 0 in GP-UCB. (5) Gaussian Process-Thompson Sampling
(GP-TS): For each material system, we sample the value of the power
conversion efficiency from a Gaussian distribution with mean y?"*¢ and
standard deviation 6. We pick the material system with the highest
sampled property value. (6) Linear contextual bandits: In a multiarm
bandit setting, an agent interacts with an environment over several
rounds. In contrast to the methods described above, we do not train
an ML model at each round. During each round, the agent selects an
action from a set of available actions (also known as “arms” in the
multiarm bandit setting) where each action is represented by a d-
dimensional feature vector (the “context”). In this case, the set of
actions is the available set of donor/acceptor systems. After taking an
action, the agent receives a reward, which in this case is the value of
the PCE “measured” for a donor/acceptor system. The goal is to learn
a policy (a mapping from context to action) that maximizes the
expected cumulative reward over time. In linear contextual bandits,
the reward function is assumed to be a linear function of the action.
The agent’s goal is to estimate the parameters of the linear model
based on observed data and use it to make action selections that
maximize expected rewards. We implemented Thompson sampling
for linear contextual bandits.*® While training GPR models, the focus
is on optimizing prediction accuracy, while in linear contextual
bandits, the focus is on maximizing cumulative rewards. Instead of
having a fixed data set used for training, contextual bandits involve
online learning where the agent interacts with the environment and
adapts its policy over time. Further mathematical details are provided
in Supporting Information, Section 1. (7) Random: A donor/
acceptor pair is sampled uniformly from the candidate set at each step
of the active learning cycle.

In each of the above methods, we could pick a batch b of any size,
but in practice, we use b = 1 since the cost of fabricating a cell with a
given material system and measuring the PCE is much larger than the
computational cost of the active learning loop.

B RESULTS AND DISCUSSION

Analysis of Polymer Solar Cell Data. There are 3307
documents in PolymerSolarCellsy; p out of which 861 (~26%)
have been curated to create PolymerSolarCellsc,,..q (detailed
breakdown in Table 2). The number of unique data points in
PolymerSolarCellsy; p is estimated based on the normalized

Table 2. Detailed Composition of the NLP Extracted
Polymer Solar Cell Data and the Curated Subset

Type of data PolymerSolarCellsy;p  PolymerSolarCellscyaeq
Number of papers 3307 861
Unique donor-fullerene 1160 607
pairs

Total donor-fullerene data 2107 903
points

Unique donor- 1425 261
nonfullerene pairs

Total donor-nonfullerene 1934 284
data points

Number of unique donors 1910 628

Number of unique 649 190
acceptors

Maximum reported power - 16.4%

conversion efficiency

names of the donors and acceptors and is an approximation.
The donors are always polymers and hence can be normalized
using the normalization workflow described in earlier work.”*
The acceptors on the other hand can be polymers or organic
molecules. For polymer acceptors, we used our polymer
normalization workflow. For fullerene acceptors, given that
only about four such acceptors are commonly used (PC61BM,
PC71BM, C60, ICBA), we manually constructed a list of
named entity variants for each of these. For other nonfullerene
acceptors, we constructed an on-the-fly normalization data set
using the coreferents for all nonfullerene acceptors mentioned
among the curated papers. The number of total data points is
greater than the number of unique data points as there are
several material systems reported in multiple papers, usually
differing in cell fabrication conditions. For PolymerSolar-
Cellscyateqs the number of data points was computed using the
canonical SMILES string of the donor and acceptor. The
SMILES strings were canonicalized using the psmiles package
described in ref 42. Canonicalization is important as the same
chemical structure can be represented as a valid SMILES string
in multiple ways, and canonicalization is used to create a
unique SMILES string for a given chemical structure.

We can see from the heatmap in Figure 2 that only a small
fraction (0.70%) of the donor/acceptor space has been
explored experimentally. Not all donors and acceptors are
labeled as they are far too numerous. The donors on the heat
map which are reported against the most acceptors correspond
to P3HT (40), PTB7-Th (40), and PBDB-T (37). The
material system with the highest reported PCE for a bulk
heterojunction polymer solar cell in PolymerSolarCellsc,,,..q is
PBDS-T as donor and BTP-ec9 as acceptor with a reported
PCE of 16.4%.”” We built a prediction pipeline that can fill in
the blanks in this figure and used that to discern patterns as
well as find optimal donor/acceptor combinations that would
otherwise require expensive experimental measurements. A
machine learning model that takes both the donor and the
acceptor structure as input should in principle be able to learn
correlations between the two which can be used to predict
novel combinations of donors and acceptors.

In Table 3 we compare the ground truth versus the extracted
data to measure the fidelity with which the NLP system can
extract the relevant polymer solar cell data.

We measured the fidelity of extraction using k-tuple metrics
where 2 < k < 4. For a 4-tuple comparison, we looked at the
tuple (donor, acceptor, property name, property value). We
compared the ground truth tuples against the NLP extracted

https://doi.org/10.1021/acs.chemmater.4c00709
Chem. Mater. XXXX, XXX, XXX—XXX


https://pubs.acs.org/doi/suppl/10.1021/acs.chemmater.4c00709/suppl_file/cm4c00709_si_001.pdf
pubs.acs.org/cm?ref=pdf
https://doi.org/10.1021/acs.chemmater.4c00709?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

Chemistry of Materials

pubs.acs.org/cm

A
PC71BM 15.0
12.5
= —~
S PC61BM -10.0
% ~
L
< a
Imic -5.0
-2.5
P3HT PTB7-Th PBDB-T R
Donor g

Figure 2. Entire donor/acceptor space at a glance. The donors and acceptors that are most frequently reported are shown along the axes. The top
three most commonly reported donors and acceptors are spaced uniformly along each corresponding axes so that they can be clearly distinguished.

The remaining donors and acceptors are randomly ordered.

Table 3. Comparing Fidelity of NLP Extracted Data to
Ground Truth Data”

Metric Precision Recall F1

4-tuple 46.03 40.25 42.95
3-tuple 61.34 55.09 58.05
2-tuple 72.87 66.18 69.37

“Each value in the table is a %.

tuples for each abstract to check if there is any NLP extracted
tuple for which all 4 entries are identical and that is marked as
a true positive (TP). If no such NLP extracted tuple is found,
we have a false negative (FN). We similarly compared the NLP
extracted tuples against the ground truth tuples for each
abstract to check if a match is found and if not, then a false
positive (FP) is recorded. As the 4-tuple metric is strict, we
computed 3-tuple and 2-tuple metrics as well, wherein the 4-
tuple is split into 3 and 6 tuples respectively for each 4-tuple, in
each abstract. This allows us to see if at least some subsets of
the 4-tuple are extracted correctly. This is consistent with how
extraction fidelity has been measured in the literature in cases

involving multiple entities in a tuple.”® Precision, Recall, and
F1 score are calculated as below:

TP
precision = ———
TP + FP
TP
recall =—
TP + FN
F1 2 X precision X recall

precision + recall

(1)

Each of the above metrics is reported as a % value.

Predicting Power Conversion Efficiency. The RMSE of
property prediction is 2.07% for the model using donors and
acceptors (Figure 3). Figure 3 compares a machine learning
model trained using the donor alone and using the donor as
well as the acceptor as input to the model. The donor-only
data set was constructed by removing the acceptors from each
data point in the donor/acceptor data set thus ensuring a fair
comparison. Thus, some data points have the same donor but
different values of power conversion efficiency which is due to
the corresponding acceptors being different. Having additional
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Figure 3. Parity plot for a machine learning model trained to predict power conversion efficiency. (a) Model trained using only donors as input. (b)

Model trained using donors and acceptors as input to the model.
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Figure 4. Predicted power conversion efficiency value for the entire donor/acceptor space. The donors and acceptors with the highest average PCE
are shown along the corresponding axes. The ordering of donors and acceptors is the same as Figure 2.

information on the acceptor improves the prediction perform-
ance of the model by 0.22% as measured by the test RMSE.
Note that the train-test split is identical for both panels a and b
in Figure 3. Figure 4 shows the predicted power conversion
efficiencies for all donor/acceptor pairs in PolymerSolar-
Cellscyratea- We observe from Figure 4 that the use of certain
acceptors can improve the power conversion efficiency
significantly. The bright red horizontal line at the bottom
corresponds to the acceptor BTIC-2Br-m which is a Y6-based
acceptor. Similarly, some of the other high-performance
acceptors in Figure 4 are also based on Y6~ such as BTP-
4ClI and BTP-ec9. The observations we make from this figure
match well with the strategy recently employed in the polymer
solar cell community of using acceptors based on Y6 and
testing it with various donors.

The highest donor/acceptor pairs predicted from our model
are listed in Table 4 along with the corresponding power

Table 4. Donor/Acceptor Pairs with Highest Predicted
Power Conversion Efficiency

Predicted power ~ True PCE (if
conversion reported in
Donor Acceptor efficiency literature)
PBDB-TF BTIC-2Br-m 14.34% 16.1%%
PM6 BTIC-2Br-m 14.33% -
PFBDB-T®' BTIC-2Br-m 14.33% -
PM7 BTP-ec9 14.31% -
PM7 BTP-4Cl 14.30% -
PM7 TPIC-4Cl 14.25% 15.1%°
PDBT-F® BTIC-2Br-m 14.20% -
L2 BTP-ec9 14.17% -
L2 BTP-4Cl 14.16% -
PBDT(T)[2F]T**  BTIC-2Br-m 14.07% -

conversion efficiency. All the acceptors are based on Y6, and
the corresponding donors are thus recommendations for
promising combinations. Due to the sparsity of the underlying
data set, however, this extrapolation must be viewed with
caution. It is possible that the acceptors with the highest
recorded PCE have an undue influence on the predictions and
that donor/acceptor interactions cannot be fully captured due
to the sparsity of the underlying data. The vast majority of
donors are reported with just a single acceptor and, likewise,
most acceptors are tested with just a single donor, thus making
it difficult for a model to learn the correlations effectively. To

examine this possibility more closely, we looked at the top
donors and acceptors from Figure 4 by computing the average
PCE over donors for each acceptor and likewise for donors
(Table S). The top pairs reported in Table 4 are not simply

Table 5. Top Donors and Acceptors from Figure 4

Top Donors ~ Average PCE (%)  Top acceptors  Average PCE (%)
PTzBI-Si* 8.87 BTIC-2Br-m*° 12.42
L2%¢ 8.68 BTP-4C1”’ 11.19
PTQ10% 8.46 BTP-ec9 11.07
PM7% 8.44 TPIC-4C1* 10.42
F137° 7.98 Y6 9.37

formed by matching the top donors with the top acceptors in
Table S but are nontrivial combinations of donors and
acceptors, suggesting that the model may be learning
meaningful donor/acceptor corelations. The acceptors used
in the top reported pairs match closely with the top acceptors
overall, and the average PCE for the top acceptors is higher
than that for the top donors suggesting that acceptors do
indeed play a more important role than donors in determining
the power conversion efficiency in the high PCE regime.

Thus, we have demonstrated the end-to-end use of NLP to
facilitate the creation of a data set which is then used for
building machine learning models and predicting new donor/
acceptor combinations for polymer solar cells. This also
validates our modeling approach for simulated active learning
discussed in the next section.

Simulating the “Discovery” of New Donor/Acceptor
Combinations. The green line in Figure Sa—c shows how the
power conversion efficiency of polymer solar cell systems
reported in the literature has changed over time. Each point
corresponds to a single donor/acceptor system. In cases where
a donor/acceptor system is reported multiple times in the
literature, we take the median value and the timestamp for the
paper corresponding to the median value (when the number of
data points # is even, we use the PCE at indexg after the PCE

values are sorted). Observe that the value of PCE shows an
upward trend until 2022 when a peak of 16.4% was obtained
which is the highest value in PolymerSolarCellsc, 4. Thus,
this plot captures a near complete picture of the evolution of
the field of polymer solar cells. The discovery of new material
systems has proceeded through trial and error which is why the
PCE does not increase monotonically but fluctuates in value
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Figure S. Comparing the simulated path of material systems generated by data selection methods against the evolution of power conversion
efficiency in the experimental literature. (a) Both fullerene and nonfullerene acceptors included among candidate material systems, (b) fullerene
acceptor only, and (c) nonfullerene acceptors only. (d—f) Range of DTSF obtained using ten different starting material systems for each data
selection method tested for the acceptors used in the panel above. In the box and whisker plot in panels (d—f), the red line indicates the median of

the data while T represents the mean of the data. O are outliers.

over time. The number of PCE values reported that
underperform the then-state-of-the-art is likely underestimated
on this plot given that only material systems considered
improvements get published. This results in a bias in the
available data.”'

We consider how this field may have evolved had it relied
completely on data-driven methods to pick the next donor/
acceptor combinations to evaluate rather than relying on trial
and error. This allows us to empirically estimate how much
faster we could have reached the end-point shown in Figure
Sa—c.

Figure 1 shows the iterative process we used for material
selection. The initial donor/acceptor system we used was
OC,C,,-PPV/PC4;BM’*> which was the earliest reported
material system in PolymerSolarCellsc,.q. At each step, we
trained a GPR model using all data already “measured” and
used that to make predictions on the remaining donor/
acceptor pairs in PolymerSolarCellscy g We picked one
donor/acceptor system that was the most “promising”
according to a few different methods. We “measured” the
true power conversion efficiency by looking up the value from
PolymerSolarCellscyeq- This new data point was then used to
augment the training data set to train a new model and repeat

the above cycle. The iterations were terminated when the
material system with the highest value in our data set was
identified. This is identical to active learning with the key
difference being that we can compare active learning generated
paths of donor/acceptor pairs against how the field evolved
and estimate the speedup. We make three key assumptions in
this analysis. (1) The list of donor/acceptor systems used as
candidate material systems is the full list of material systems
reported in PolymerSolarCellsc,,..q- While we do not assume
foreknowledge of the actual value of PCE, coming up with
viable new material systems was part of the evolution of this
field which we are unable to realistically simulate. A fairer
analysis would assume a much larger candidate list of donor/
acceptor systems which would be created without the bias that
they were reported in the polymer solar cell literature. There
would however be no way to “measure” the value of PCE for
these material systems with the same fidelity as experimentally
reported values. (2) The timestamp associated with each new
donor/acceptor system that is picked is the same as the
timestamp for an entry of the corresponding index in the
experimental data. As the experimentally reported results come
from many different research groups, this assumption is
reasonable if we assume that many different research groups
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Figure 6. Simulated path of material systems for each data selection method with the material system vectors being embedded in two dimensions
using UMAP. The left most cluster in each figure corresponds to nonfullerene small molecule acceptors. The middle two clusters correspond to
fullerene acceptors within which the top cluster corresponds to donors with fused aromatic rings and the bottom cluster corresponds to all other
donors. The rightmost cluster consists of polymer acceptors. The plots correspond to (a) GP-TS, (b) Greedy, (c) GP-UCB, (d) GP-P], (e) GP-E],
and (f) linear contextual bandits.

are involved in this data-driven workflow. It may even be acceptors, reducing to a factor of ~2. In the context of polymer
possible for funding agencies to allocate resources more solar cell donor/acceptor discovery, the former translates to a
efficiently if the iterative methodology described in this section time saving of ~15 years. This is one of the first quantitative
were to be followed. (3) Our simplified problem formulation estimates of the time saved by using machine learning for
considers only the discovery of donor/acceptor pairs which are materials discovery that we are aware of using historical data of
the most critical components of a polymer solar cell and does how materials discovery evolved. Figure Sa—c assume a fixed
not consider processing/fabrication. starting donor/acceptor system, namely, OC,C,-PPV/

As we see in Figure Sd—f, the data selection methods used in PCyBM. For all methods tested except GP-TS and linear

this work outperform trial and error and random data
selection. We compared different methods using the discovery
time speedup factor (DTSF) which is defined below:

contextual bandits, a fixed starting point would result in a fixed
path of donor/acceptor pairs being selected as a GPR model
will always generate the same predictions given fixed training
data and fixed hyperparameters. In the case of GP-TS and

exp _ t
DTSF = 20 linear contextual bandits, however, there is a sampling step
max ~ fo @) involved in picking a new material which inherently introduces

randomness. We used the first ten donor/acceptor pairs
reported in PolymerSolarCellsc,,q to estimate the range of
speedups obtained for each method. These ten donor/acceptor
systems belong to the same generation of polymer solar cells
and are listed in Supporting Information, Section 3. When
error bars are accounted for, we notice, from Figure Sd—f that
GP-UCB, GP-EI, GP-PI, and contextual bandits perform

where £, is the timestamp associated with the earliest data
point in PolymerSolarCellscyeq) tmb is the timestamp for the
paper when the highest experimental PCE was reported in
PolymerSolarCellscyyeqs fony is the timestamp corresponding
to the index at which the simulated path reaches the same
maximum PCE. The timestamp here is the date converted to a
rational number in which the fractional part is the day and

month converted to a fraction of a full year and the integer part similarly. GP-TS appears to underperform the other data
is the year. selection methods in Figure Sd and f while Greedy

Intuitively this gives a sense of how much faster machine outperforms the other data selection methods in Figure Sf.
learning methods can reach the same end-point as trial and Since Greedy has a higher DTSF on average, we plot the path
error methods. When fullerenes, as well as nonfullerenes, are generated by Greedy in Figure Sa—c. GP-UCB has the tightest
used as candidate acceptors, we obtain the greatest speedup of variance across all data selection methods tested, for all
a factor of about 4 while the speedup factor is lower when only acceptor types. This indicates that trading oft exploration and
one of fullerenes or nonfullerenes are used as candidate exploitation is a sound strategy to be robust to the starting
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Figure 7. Evolution of the predictive performance of the models trained using different data selection methods using OC,C,,-PPV/PC4BM as the
initial donor/acceptor pair. The data selection methods compared are (a) GP-TS, (b) Greedy, (c) GP-UCB, (d) GP-P], and (e) GP-EL Each step

on the X-axis corresponds to an iteration of the active learning cycle.

material system of the active learning cycle. Note that linear
contextual bandits, which is a linear method and therefore
much faster than nonparametric methods like GPR, has a
similar speedup factor as GPR-based methods. This indicates
that the predictive capabilities of a model have little to do with
how quickly it can identify the best-performing material
system. We shall explore this more fully in the next section.
Analyzing the Predictions from Data Selection Methods.
This section examines the path of donor/acceptor pairs picked
by various data selection strategies. We projected the vector
representations of the concatenated donor/acceptor material
fingerprint to two dimensions using Uniform Manifold
Approximation and Projection (UMAP).”> We considered
fullerene as well as nonfullerene acceptors. This projection
results in four clusters (Figure 6). The leftmost cluster
corresponds to nonfullerene small molecule acceptors, and the
remaining clusters are described in the caption. The paths
shown in Figure 6 were generated using OC,C,,-PPV/
PC¢,BM as the initial donor/acceptor pair. Note from Figure
6b that Greedy jumps to the nonfullerene small molecule space
after the first iteration and stays there during all subsequent
iterations. This space is known to contain the candidates most
likely to have high power conversion efficiency. This is likely
why Greedy has higher average speedups compared to other
methods as seen in Figure 5a and c. All other methods spend at
least one or more iterations exploring other parts of the donor/
acceptor space. Observe also that Greedy when applied to
nonfullerene acceptors and both fullerene and nonfullerene
acceptors differs in the first material system only. All
subsequent iterations for both cases are restricted to the

space of nonfullerenes. Yet, there is a statistically significant
difference in the time taken to find the optimal material system
in both cases (refer Figure 5d and f) with the nonfullerene only
case taking significantly longer. We posit that the initial
inclusion of the fullerene acceptor or more generally the
inclusion of some initial material system that is different from
the space where the optimal material system is expected to lie
would accelerate convergence to the optimal material system.
This could be because the initial diversity helps give the model
a better “view” of the material space compared to if the initial
candidates were less diverse. The latter can at best present the
model with a very local region of the material space, thus
requiring more iterations to understand the best direction to
traverse in material space.

At each iteration, we measured the predictive performance
of the trained GPR model by comparing its predictions against
all points not yet added to the test set (Figure 7). The data
points used for measuring test performance are reduced by one
point at every iteration and have some points that are different
for each selection method. However, the number of points
selected during a typical active learning run (20—30) is small
compared to the total number of data points (835) which
makes this a reasonable approach to infer the general trend in
the predictive capabilities of the models being trained. There is
no consistent improvement in the predictive performance of
the models being trained as the number of data points in the
training set increases, for most of the selection methods we
test. This is consistent with results reported in ref 14. The
notable exception to this however is GP-TS in which
successive models have improved predictive performance.
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This intuitively makes sense as all other methods pick material
systems by directly optimizing for high power conversion
efficiency and therefore bias the trained model using the picked
data points. GP-TS on the other hand picks material systems
by maximizing over PCEs sampled from the predicted
distribution for each material system and thus samples a
more diverse set of data points as seen in Figure 6a. This
diverse sampling is likely what leads to GP-TS being slower
than other data selection methods as seen in Figure Sd—f.
Thus, this data selection method allows trading-off speed of
discovery for training a stronger predictive model. By design,
GP-TS reaches the optimal material state quickly and in
parallel trains models with strong predictive performance and
is the only method out of the methods we test that consistently
achieves this balance across acceptor types. The trend observed
in Figure 7 is reported for both types of acceptors. The same
trend for GP-TS is observed for iterations performed over
fullerene acceptors and nonfullerene acceptor candidates,
reported in Supporting Information, Section 4.

B SUMMARY AND OUTLOOK

A pipeline that extracts material property data from published
literature which is then used for training property prediction
models was built. We found promising donor/acceptor
combinations that have not yet been reported in the literature,
by training models to predict power conversion efficiency. We
demonstrate that data-driven methods alone would have
discovered the most promising donor/acceptor system in
only one-fourth of the time it took through trial and error. This
allows for a stronger case to be made to policymakers to
encourage further use of ML methods for materials discovery.
We summarize some best practices learned from this study for
deploying active learning for materials discovery: (1) Gaussian
Process-Thompson sampling should be used as the active
learning strategy if training a strong property predictor is
desired. (2) If robustness to the starting material is desired,
then GP-UCB is the recommended strategy which will also on
average lead to fast discovery of the optimal material system.
(3) Using a diverse initial set of candidates during the active
learning cycle helps the model learn the optimization
landscape more quickly and is empirically observed to lead
to faster convergence.

We highlight some key limitations of our study: (1) The list
of candidate material systems we pick from is the set of donor/
acceptor systems that have already been tested in the literature.
The structures that were tested much later in the literature
could only be discovered due to the experimental trial and
error that preceded it. (2) We assume that the time intervals of
measurement in the data-driven view are identical to the trial
and error approach, i.e., new materials through data-driven
approaches can be discovered at the same rate at which
experimental papers containing new donor/acceptor systems
were published. (3) Our simplified formulation of the polymer
solar cell optimization problem does not consider other aspects
of the cell such as the electrodes, electron/hole transport layer,
and fabrication/processing of the cell. These factors would
affect our estimate of the speedup of ML methods over trial-
and-error experiments.

This study views active learning as a sequential process
whereby a material is “chosen” by the model and tested by the
scientist. The only input from the scientist is the list of
materials provided initially. The difficulty of coming up with a
perfect initial list ensures, however, that scientists and

machines would need to coordinate more closely in practice.
The insights generated by the selection process can guide
scientific intuition to update the list of materials continuously.
An example of this is provided in Supporting Information,
Section S.

One of the bottlenecks when going from NLP-extracted data
to a data set usable for training ML models is obtaining
SMILES strings for the donor and acceptor. This had to be
done manually during data curation. There are computer
vision tools available that can convert structures to SMILES
strings such as MolScribe,”* Decimer,”” and OSRA.”°
However, donor or acceptor structures found in the literature
are typically part of a larger figure such as a reaction scheme.
Robust segmentation of relevant structures combined with
conversion of structures to SMILES strings is necessary to
bridge the gap between NLP extracted data and trained
property predictors. Furthermore, the conversion of polymer
structures to SMILES strings is not yet possible through these
tools.

We also limited our focus to optimizing a single material
property, namely the PCE. In practice, however, materials
scientists are often interested in optimizing multiple properties
simultaneously which may be inversely corelated. In ref 10, for
instance, the authors find optimal multiprincipal element alloys
while optimizing two ductility indicators (Pugh’s Ratio and
Cauchy pressure). Multiobjective Bayesian approaches using
hypervolume indicators are promising approaches for solving
such problems.”””® In organic photovoltaics, a possible
direction of inquiry would be a simultaneous optimization of
the efficiency, flexibility, and stability of the solar cell. PSCs
need to be stable and retain their power conversion efficiency
with usage. This is typically inversely corelated with PCE.
Higher flexibility PSCs usually have weaker mechanical
properties and therefore lower PCE.”” "'

The ability to scale up the pipeline we have built to other
properties and materials classes will significantly speed up the
development and deployment of new materials. This in turn
will accelerate scientific discovery across many critical
applications such as clean energy, healthcare, and devices.
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