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Executive Summary 
The use of high-throughput virtual screening (HTVS) tools is a powerful tool to expedite the               

materials discovery of commercially relevant materials. In previous years, our group has            
developed a molecular discovery platform to generate libraries in order to obtain suitable             
candidates for different applications, starting from the Harvard Clean Energy Project [1,2]. This             
platform is suitable to test in-silico on traditional supercomputing clusters and shared resources,             
for example, in the IBM World Community Grid. 

In this project, we used the molecular discovery platform to create and screen a library of                
candidates of organic photovoltaic (OPVs) molecules. Based on a set of candidates created with              
combinations of molecular moieties, we were able to filter, by conformation stability, the energy              
of electronic orbitals and approximated power conversion efficiencies (PCE). To improve the            
predictions of orbital energies calculated and the PCEs, we used Gaussian Process regression and              
two sets of molecules. These sets correspond to electronic structure calculations of a higher level               
of theory and experimental PCE values, respectively. Finally, we selected a subset of the best               
candidates (molecules with a PCE higher than 10%) to understand its absorbance properties with              
TD-DFT. 

This project has demonstrated the capabilities of our molecular discovery platform for            
HTVS. Finally, machine learning can help us to introduce more complex effects included in bulk               
conditions and computational intensive calculations on models. 
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Introduction 
There is an increasing global demand for energy; for instance, in 2010, the estimated energy               

composition was 17TW, while it will be 27TW by 2020 [3]. However, the supply of traditional                
non-renewable sources such as fossil fuels dwindle and bring severe environmental problems,            
such as greenhouse effects and pollution [4]. Therefore, to stop the long-term consequences of              
climate change, we need a sustainable and cleaner source of energy. In consequence, the research               
of renewable energy is of substantial interest to governments, companies, and academics. A             
viable source of energy can be solar energy since 120,000 TW of power from the sun is                 
deposited in the Earth. In this reward, the development of affordable photovoltaic (PV) cells is               
one of the most promising long-term solutions for clean, renewable energy. 

Over the past three years, the use of PVs to generate electricity has increased [3]. Among                
the emerging PV technologies, the organic photovoltaics (OPVs) offers are low-cost, flexible,            
and easy to fabricated options. For instance, they can be manufactured with inexpensive             
techniques such as roll-to-roll printing[5]. Furthermore, they have shown long lifetimes [6,7] and             
high-efficiency, for example, a recent article by Zhao et al.[8] have reported a 13% efficiency               
with a non-fullerene acceptor indacenodithiophene derivative. These advances can be attributed           
to improvements in device architecture, processing, and materials design [9]. However, to            
enhance the performance and environmental stability of OPVs, the invention of novel materials             
is mandatory. One of the main challenges to improve the PV industry is the time that a novel                  
molecule reaches the market. For instance, since on average it takes 25–35 years from the first                
report to being manufactured in relevant volume for commercial application [10]. Therefore, it is              
mandatory the speed up of the materials discovery. 

A powerful tool to accelerate the materials and molecular discovery in different areas is              
High-throughput virtual screening (HTVS) [11,12]. Whereas, the number of molecules,          
materials, and devices that can be tested experimentally is limited by the synthesis,             
characterization and analytical testing procedures; the possibility of automatically prescreen          
in-silico before synthesis is promising [13]. In this way, we can reduce some orders of magnitude                
a set of candidates to just a few promising molecules based on quantum-chemistry or molecular               
mechanics simulations to experimentally test them. 

In this work, we used in-house developed HTVS tools and Machine learning approaches to               
determine suitable candidates for organic photovoltaics materials. 
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Previous work 
Our group has worked on the development of the appropriate platform and libraries for              

HTVS. The molecular discovery platform is suitable for traditional resources (like           
supercomputing clusters) and shared resources (like the IBM World Community Grid). We have             
employed this platform in screening different materials: organic flow redox battery electrolytes            
screening for cheap, clean grid storage [14–17]; OLED screenings in collaboration with            
Samsung [18,19]; and the Harvard Clean Energy Project [1,2]. 

The Harvard Clean Energy Project (CEP) has coupled ab initio calculations and located tens              
of thousands of molecules with projected power conversion efficiencies (PCEs) near the            
expected maximum for single-junction organic solar cells. So far, the CEP has screened 4.3              
million molecules with more than 300 million DFT calculations, with computer time donated by              
volunteers to virtually screen p-type, and later n-type, organic photovoltaic oligomers. They have             
led to 35,000 molecules with predicted conversion efficiency over 10%, and a database with a               
size of 2.3 Million has been included in the White House Material Genome Initiative. 

Additionally, we have reported a curated data set. It contains quantum chemistry and             
experimental results for 266 donor materials from bulk heterojunction devices, the Harvard            
Organic Photovoltaic Dataset (HOPV15)[20]. 

In each of these projects, we closely collaborated with experimental groups to establish a              
feedback loop among experiments and theory to increase the chances of the utility of the               
molecules we screened (Figure 1). 

 

 
Figure 1: Diagram of the collaborative discovery approach. The distinct screening stages, from left to right, 
involve different theoretical and computational approaches as well as experimental input and testing. 

https://paperpile.com/c/xZFNQ4/KLZI+ZjQs+9lSO+f9ko
https://paperpile.com/c/xZFNQ4/E2nX+F0rH
https://paperpile.com/c/xZFNQ4/zoaW+2Mit
https://paperpile.com/c/xZFNQ4/uubY


Part 1 
In this work [9], we used the CEP infrastructure (Figure 2) to screen over non-fullerene               

acceptors materials. Here, we i) created a set of candidates, ii) used our automatic workflow to                
explore the conformational space of each molecule, iii) performed quantum mechanical           
calculations to obtain electronic structure information, and iv) calibrated the highest occupied            
molecular orbital (HOMO) and lowest unoccupied molecular orbital (LUMO) with Gaussian           
processes (GP) technique. 

Achievement 1: Development of a novel molecular library of organic          
photovoltaics. 

The usual successful acceptor materials for OPVs based on derivatives of fullerenes[19], for             
instance, many consider the standard electron acceptor is [6,6]-Phenyl-C61-butyric acid methyl           
ester (PCBM) [20]. Therefore, the donor materials have been designed to have an optimal              
overlap with it. However, the derivatives of fullerenes have their challenges: the production cost,              
limited absorbance of visible light, and the modulation of their electronic properties. For this              
reason, there have been some efforts to design and test new non-fullerene acceptor materials with               
similar energy gaps than PCBM or its derivatives but cheaper to manufacture.  

 

 
 

Figure 2. Scheme of the Workflow of the HTVS Process in the Harvard Clean Energy               
Project 
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To generate suitable candidates, we selected a set of molecules based on di and              
monosubstituted fragments. To try improving the chances of synthesizability, each of these            
fragments and substitutions has been reported in the literature of having a commercial precedent.              
The full screening is done with different combinations of 13 cores, 49 spacers, and 45 terminal                
groups (Figure 3). These combinations were restricted to molecules with 306 electrons of less,              
due to computational resources on the World Community Grid. With each candidate, we obtain              
1,500 molecular conformations obtained with RDKit [21] that were minimized with a force field.              
Only the lowest energy conformers with a certain threshold up to 20 samples were kept, to later                 
being optimized with a DFT method, BP86/def2-SVP. Finally, to improve the accuracy of             
HOMO and LUMO energies, we used a Gaussian process regression based on the experimental              
HOMO and LUMO energies of 94 molecules. 

 

 
Figure 3: A few samples of molecular fragments used to build candidates. 

 

Achievement 2: Bayesian approach for correction of HOMO-LUMO        
energies. 

We used a Bayesian approach to calibrate the correction GP regression of HOMO-LUMO             
energies [22]. In the non-fullerene candidate, we use this approach with molecular fingerprints             
based as a metric for molecular similarity. We used Morgan fingerprints. They capture the              
topological information of molecules by taking into account the local vicinity of an atom by               
bonds. And the molecular similarity is measured by the Tanimoto similarity index (Jaccard             
index). The GPs predictions could be interpreted as weighted averages of training data based on               
molecular similarity, where the weights are probabilistic.  
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Figure 4. Calculated (CALC left) and GP-Calibrated predictions (CALIB) compared with 
experimental (EXP), HOMO - LUMO values (eV). 

 
To avoid overfitting, we used leave-one-out cross-validations, where the training is done            

removing one point of our data, and later the model tries to predict the value of that point.                  
(Figure 4). 

Achievement 3: Correction of bulk effects with Gaussian Processes 
To compare experimental PCE, we used GPs to take into account the effects not covered by                

the Scharber model [23]. For this, we used 49 molecules reported with experimental and              
theoretical PCE values. And instead of fingerprints, we used atomic orbitals energy and             
molecular weights, whereas instead of Tanimoto distances, we use a radial basis function kernel              
for euclidean distances (Figure 5). 

 
Figure 5. Calculated (CALC left) and GP-Calibrated predictions (CALIB) compared with 

experimental (EXP), PCE values (%). 
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Achievement 4: Excited state properties with quantum chemistry  
Finally, following the hierarchical computational scheme or down-selection approach         

facilitated by the HTVS, we selected a subset of the molecules with a higher predicted PCE and                 
compared it with a computational more expensive method, TD-DFT (Figure 6). We computed             
the S0→S1 transitions in the range of visible light (1.4–2.2 eV) to understand their underlying               
absorption properties. For instance, the oscillator strength of two reported diketopyrrolopyrroles           
derivatives agreed with the literature [24]. Since the oscillator strength indicates the likelihood of              
electronic transition, we can assess their efficiency as a chromophore in fullerene-free OPVs. We              
found diketopyrrolopyrroles and quinoidal thiophene derivatives are a good promise. 

 

 
Figure 6: Representative selection of the molecules with the best-predicted PCE 

molecules from the Quinoidal Thiophene, Dicyanocylopentadienyl, and diketopyrrolopyrroles 
Fragments. First row, the calibrated HOMO (blue) and LUMO (red) energies. Second row, the 

estimated PCE. Third row, S0→S1 transition energy (reported in eV). 

Part 2  
We have closely collaborated and encouraged discussions with experimental laboratories          

working on photoactive organic materials in order to gain experience and increase the utility of               
our tools for future applications. 

Achievement 5: Fluorination effect on conjugated polymers. 
Among one of the projects funded with this grant, we explored collaboration with Lerlerc’s              

group from Université Laval. In this work  

https://paperpile.com/c/xZFNQ4/qebr


[25], we used DFT calculations to compute the optical and electronic properties of different              
conformations of fluorinated conjugated polymers.  

One way to fine-tune the properties of conjugated systems has been the subject of much               
investigation by introducing functional groups. One approach can be incorporating fluorine to            
modulate the electronic properties, whereas it favors π–π stacking[26] since it doesn’t introduce             
steric effects. Furthermore, the fluorine-containing materials enhanced the crystallinity by          
introducing noncovalent intermolecular interactions [27].  

In this work, we studied the effect of the fluorination of 3-hexylthiophene-based polymer             
(P3HT), by varying the substitution degree. We reported 3 different fluorinated ratios,            
P3HT-50F, P3HT-33F, and P3HT-25F. They were synthesized from monomers prepared          
iteratively by Migita−Stille couplings from 2-bromo-4-fluoro-3-hexylthiophene. Later, they were         
polymerized with the Kumada catalyst transfer polymerization. 

We studied different conformations with DFT calculations to understand the effect of            
fluoride substitution with simplified versions of mono-, di-, tri- and tetramers. These results             
suggest there are fluorine−sulfur interactions that could contribute to the planar conformation            
(Figure 7) on these truncated models. 

  

 
Figure 7. Structure of the lowest energy conformation of P3HT-50F-dimer. The calculations 

were done  using B3LYP/6-311+G(d,p)-D3BJ)-IEFPCM(ε = 4)//B97D/6-31G(d,p)- 
IEFPCM(ε=4). 

 

Future work 
Recently, our group has presented two types of generative machine learning methods to             

design novel molecules: autoencoders [28] and generative adversarial networks[29]. These          
methods have the goal to generate molecules with specific target properties, rather than predict              
properties of a given molecule. These techniques, together with our virtual screening tools, could              
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be used to inverse design novel molecules. In this way, we could be able based on a given set of                    
molecules, to obtain new ones with a given set of desired properties, rather than building and                
screen large libraries. This approach could expedite orders of magnitude faster than our old              
methods once further developed.  

For instance, one of our current work is the use of Phoenics[30]. Phoenics is a Bayesian                
optimizer algorithm than includes generative models. Together with our virtual screening tools,            
is being applied to the discovery of new redox flow battery electrolytes. Since organic flow               
batteries require further development to increase their performance stability, we could use the             
combination of generative models, discriminative models, and virtual screening, to explore new            
regions of chemical space. Merely employing a discriminative model has been shown to             
accelerate the virtual screening process by an order of magnitude.  

Finally, the ultimate goal is to accelerate the discovery of new materials. Our group is               
currently working on integrating both HVTS and high-throughput experimentation. Furthermore,          
going beyond traditional HTVS, our group has been actively working on the development of              
self-driving laboratories, as the next-generation facilities.  

Self-driving laboratories combine machine learning algorithms and automated        
experimentation platforms. Since the ML models can identify complex relations between           
variables, they can be used for decision-making without human intervention [31]. For instance,             
recently, our group has collaborated with an experimental laboratory to increase the efficiency             
and stability of OPVs [32] by high-throughput and autonomous experimentation methods. Using            
our experimentation platform, ChemOS an active learning algorithm [33], we were able to             
optimize films in an automated fashion with machine learning-enabled autonomous          
experimentation that is able to identify the stable compositions. 

Conclusion 
The DOE grant number DE-SC0015959 has allowed us major advances in the infrastructure             

of our molecular discovery platform. Our studies in novel libraries of OPVs have shown its               
potential and readiness to use in other applications. Additionally, they have enabled us to              
encourage further collaborations with experimental groups, to engage in the conversation of            
understanding, predicting, and designing novel materials with a target property.  
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