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Methodology 
Designing the Monolayer Systems 

The ML model used for this project utilizes the Sklearn 
module of the random forest regressor algorithm6 in 
order to predict the tribological properties of the potential 
lubricants that were designed. The systems consisted of 
two interacting surfaces:


• 1 homogenous monolayer film on the top

• A different homogenous monolayer film on the bottom


The 586 chemistries from the ChEMBL small molecules 
library5 that we used to design these monolayers had:


• Molecular weights ranging from 4-99g/mol

• Exclude metallic elements/ complexes


This resulted in the creation of 171,698 unique systems 
that were screened through our model, that resemble 
Figure1. Figure2 represents heterogeneous monolayers 
that will be studied in future studies. 

Training the ML Model 
Our group has previously examined a set of 19 small 
molecules under similar conditions and calculated their 
properties via MD simulations3. Our ML model identifies 
patterns from those predictions, and provides estimates 
for the Coefficient of Friction (COF) and Adhesive Force 
( ) for each system using the Random Forest Regressor 
algorithm.
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Conclusions & Discussion 
The current project was restricted to the limitations of 
what could be measured and studied over the course of 
10 weeks, but the scope of the project can be easily 
increased to continue to design better nanoscale 
lubricants.


The current study only screened small nonmetallic 
molecules with MW ranging from 4-99g/mol, but larger 
dataframes can easily be loaded into our predictions 
model. In the future, our model will be quickly adapted 
to accommodate heterogeneous monolayer films, and 
can screen through any ratio of molecules present 
within these films.


After estimating the COF and for the top 20 
monolayer systems, the next step is to simulate them 
with more thorough methods and confirm the findings of 
this project. By performing Molecular Dynamics (MD) 
simulations on these monolayer films and physically 
experimenting with them, we will be able to  further 
substantiate the estimations made by our ML model.
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Using Cheminformatics 

The input for the training of the ML model comes from 
the RDKit cheminformatics library7, which generates 
many different molecular descriptors of the small 
molecules from the ChEMBL library5. After training the 
random forrest algorithm, the model returned predictions 
for each system’s tribological properties. It identified 
patterns based from the similarities it found to the 
training set & estimated a COF and  for each system.


Screening the Monolayer Systems 

After the ML model was built, all 171,698 systems were 
iterated through and the properties were estimated, the 
monolayers were screened according to their projected 
performance as lubricants. The top 20 systems, 
identified by having the lowest combined COF & , 
were identified and their features were further examined 
in order to begin designing better monolayers for 
nanoscale lubricants.


Results 
Below is a list of the top 20 systems determined by our 
ML model. Notice that several terminal groups are 
repeated in more than one system, suggesting that they 
have qualities worthy of further exploration.


Above is a set of visualizations of some of the molecules present 
in the top 20 systems. Note that the majority of these molecules 
are relatively small, straight, and pointed. They are also not 
expected to be very polar.
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Introduction 
Motivation 

Micro- and nano-scale devices have a wide variety of 
applications in technology, ranging from hard drives to 
medical & automotive equipment. The inadequate 
lubrication of the interacting surfaces within these 
systems often leads to significant surface damage 
which can prevent the entire system from operating at 
its full potential1,2. Current methods for identifying 
potent ia l monolayers wi th ideal lubr icat ion 
characteristics are computationally expensive and 
i m p r a c t i c a l b e c a u s e o f t h e l a rg e d e s i g n 
space4. Therefore, a new approach that screens certain 
tribological properties like Coefficient of Friction (COF) 
and Adhesive Force ( ) is needed.


Primary Goals 

Our primary goals are to use a Machine Learning (ML) 
model in order to:


• Efficiently screen through numerous monolayers and 
provide a rapid estimation of their tribological 
properties.


• Contribute to a greater overall understanding of what 
properties most influence the behavior of these 
monolayers, 


• Identify the top 20 monolayer systems to be further 
investigated through more thorough simulations like 
Molecular Dynamics (MD). 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Our findings were consistent with what was 
hypothesized based on the previous study:


• Larger molecules with bulkier shapes like [list 
molecules] exhibited the highest COFs.


• More polar molecules with a greater charge 
distribution exhibited the highest .


• Smaller/ cylindrical, less polar molecules like [list 
molecules] performed the best, exhibiting low COF & 

 values.
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The above graphs3 illustrate the importance of various features as 
they relate to the performance of the monolayers that were used in 
the training set of 19 small molecules. Our findings were 
consistent with these results.

This algorithm constructs several 
decision trees simultaneously to 
get a variety of values, and takes 
the average of all of these values 
i n o rde r to ge t a gene ra l 
prediction.

Physical experimentation 
and MD s imulat ions 
produce more reliable 
results than a ML model 
would, but an ML model 
takes significantly less 
time and is ideal for 
screening. candidate 
films.

Cyanide Ethyne Propa-1,2-diene Propyne

Ethylene Propene Cyno oxide anion Acetonitrile

Note: The above illustrations do not show double/ triple bonds that are 
present in some of the molecules.

Figure 1:  
Homogeneous  

monolayers

Figure 2:  
Heterogeneous  
monolayers
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