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Tunable Model for Prediction of 
Complex Thermodynamic Properties

Sustainable Industrial 
Process Research

aims for

Chemical Industry 4.0

through We present a Proof of Concept of a Machine 
Learning Model to predict ∆vapHm
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Performance Monitoring 

Maintenance Calculations

Industrial property determination 
is consistently challenging

High Computational Cost

Seldomly accurate predictions
Narrow chemical application

due to

95 % improvement margin  

77 % workflow optimization

Maximize Operations

Model Training and Prediction

MAE = 3.158 kJ mol-1 Well below the 4 kJ mol-1 barrier

STD: 0.445 kJ mol-1 Higher than 3.1 % kJ benchmark

Reliability across 
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Molecules with a smaller surface area of low electronic and topological environment, 
resulting in and smaller van der Waals forces, seem to provide better predictions!

Spatial 
Distribution

How our model is 
able to grasp 

chemical meaning

Feature Importance

Movement 
Restrictions

MAE = 2.446 kJ mol-1

Chemical 
Explanation 

Well below the 4 kJ mol-1 barrier

Database comprises 1422 different molecules

Using 105 open-source molecular descriptors
Over 20 organic/inorganic functional groups

Our models are widely more accurate than
previous ML published methodologies for
thermochemical property prediction.

This methodology yields a replicable model
framework which can be expanded for the
prediction of other thermodynamic properties.

Major Method Outputs

Fast, reliable, replicable!

Upcoming Work

Data Improves Industrial R&D

Data Science
In industrial manufacturing

Our Goal
A Universal tool to troubleshoot reaction design

∆S∘ ∆G∘ ∆H∘

The Challenges

We overturn this by presenting a 
low-cost, explanatory solution ! 

Raw Data Explanatory

Value for industry data!
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We built an in-house framework for descriptor generation by amassing 
open-source experimental and topological data.

OpenBabel RdKit DescriptorSMILESMOL file

The model was successfully 
validated with ∆vapHm∘ calculation 

for an external database.

Using Supervised Machine Learning Algorithms (Random Forest and Gradient Boosting), our model outperformed benchmark studies, naming key chemical properties behind each prediction.

We can use explanatory data not 
only to predict properties, but also… 

predict structures ! 
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Start !

Prediction!
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Reuse and 
restart!
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Fast!

Supervised
Ensemble

Algorithms

How it works

In House  
Software

New !
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Epoxidation

Our Workflow
Initial Testing Model Optimization

Our MIT Portugal PhD Project will use this model as a key component for chemical reaction prediction !

Model Training and Prediction

ML model predicted the standard vaporization enthalpies of a external 
database with a better MPE than previous benchmark attempts !

Simple, fast

Narrow, complex
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