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ML in Chemistry

1. Drug Discovery and Design: ML algorithms can predict properties of new compounds, identify potential drug candidates
and optimize drug design processes. This accelerates the discovery of new medications reducing cost and time involved.

2. Material Science: ML helps in predicting the properties of new materials, optimizing their synthesis, and discovering novel
materials with desired characteristics. This is particularly useful in developing advanced materials for various applications.
3. Chemical Synthesis: ML models assist in retrosynthesis, which involves predicting the sequence of chemical reactions
needed to synthesize a target molecule. This helps chemists design efficient synthetic routes.

4. Catalysis: ML is used to design and optimize catalysts, which are substances that increase the rate of chemical reactions.
This can lead to more efficient industrial processes and the development of greener chemical reactions.

5. Quantum Chemistry: ML techniques are applied to solve complex quantum mechanical problems, such as predicting
molecular properties and simulating chemical reactions at the quantum level. This enhances our understanding of
fundamental chemical processes.

6. Predictive Modeling: ML models can predict the outcomes of chemical reactions, the stability of compounds, and the
behavior of chemical systems under different conditions. This helps in planning experiments and interpreting results.

7. Molecular Property Prediction: ML models can predict various properties of molecules, such as solubility, boiling points,
and reactivity. This helps chemists understand molecules will behavior in different environments and conditions.

8. Environmental Chemistry: ML is used to model and predict the behavior of pollutants in the environment. This includes
predicting the degradation pathways of chemicals and their impact on ecosystems.

9. Spectroscopy Analysis: ML algorithms can analyze spectroscopic data (e.g., NMR, IR, UV-Vis) to identify chemical
compounds and understand their structures. This speeds up the process of analyzing complex mixtures.

10. Process Optimization: In industrial chemistry, ML is used to optimize chemical processes, improving efficiency and
reducing waste.This includes optimizing reaction conditions and scaling up from lab to production scale.

11. Battery Research: ML aids in the development of new battery materials by predicting their performance and stability.
This is essential for creating more efficient and longer-lasting batteries.
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Machine Learning Algorithms
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Development of ML models in Python

@ N

Data import

Data Cleaning

Data splitting into Training/Test Sets
Specification of a ML algorithm
Training of the ML model
Evaluation of the predictive model
ML model predictions

Understanding and improving model predictions



Development of a ML predictive mod
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Problem under consideration

Metal Organic Frameworks (MOFs) for Energy and Environment
Theoretical & Computational Chemistry

GCMC simulations

“Computational Screening of Trillions of MOFs for High-Performance Methane Storage” S. Lee, et al., Appl. Mater. Interf. 2021, 13, 20, 23647




Descriptors

Structural Descriptors (Experimental & Theoretical)

* Density: mass density of MOF

* Pore limiting diameter (pld): the smallest diameter of the pores within the
MOF structure

» Largest Cavity Diameter (Icd): the largest diameter of the cavities within the
MOF structure

e pore volume (pv): the total volume of pores within the MOF structure.

* surface area (sa): the total area available on the internal and external
surfaces of the MOF structure.

* Void fraction (vf): the ratio of the volume of the voids (empty spaces) within
the MOF structure to the total volume of the MOF

Probe atoms Descriptors (Theoretical)

* Probes atoms (4 sizes): Probe atoms that account for the energetical

features of the MOF
G. S. Fanourgakis et al. J. Chem. Phys. A (2019) 123 6080-6087




MOFs Dataset (methane P=1 atm, T=298 K)
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Development of ML models in Python

Fundamental library for
scientific computing

Library for data manipulation

|
|
|

Library for creating static, animated
and interactive visualizations

Machine Learning library
(classification, regression etc.)




Using Aristotle HPC

About Jupyter

https://hpc.it.auth.gr/applications/jupyter/

Setting up environment for ML

mkdir envs

cd envs

python -m venv myCustomEnv

source myCustomEnv/bin/activate

pip install --upgrade pip

pip install jupyter

python -m ipykernel install --user --name my-custom-env --display "My Custom Environment"
pip install pandas numpy matplotlib seaborn scikit-learn


https://hpc.it.auth.gr/applications/jupyter/
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About the problem under study
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