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Abstract 

In the computational chemistry field, the area of energy functions has not seen any changes for 

decades, since the functions which were first created still work quite well today. In this project 

we test to see if we can make improvements to those energy functions by doing data mining on 

a dataset of off-equilibrium molecule states, with the objective of being able to predict the 

energy of a molecule just by knowing its structure. We tested what results we could obtain by 

adding different levels of complexity to represent the structure which describes the molecule 

and see what contributions each level has to the final energy of the molecule. This was 

examined for both elements and atom types. As a conclusion, we obtained an energy function 

which potentially could predict the energies, but further work has to be done to improve this 

function.  

  



 

  



 

Predicting the Energy of Molecules 

Popular Science Summary 

Cristina Díaz Ubieta 

Do you know how drugs are designed? How medications tailored to a particular individual can 

be created? Computational chemistry is able to simulate through computational methods the 

way in which molecules will react under certain situations or how they will interact with 

specific compounds. We can make predictions on how the drug will bind to a target or know 

the chemical properties that a new drug should have, aiding in the drug design process. 

Furthermore, it could be possible to predict how effective a drug will be before even trying it 

on a patient. Computational chemistry is not the only field responsible for the advancements in 

the drug industry, but it is certainly on the cutting edge 

To make these predictions we need to have information about the molecule we are studying. 

One key factor to know is the energy of the molecule, which will give information about how 

the molecule will bind to a protein. In order to do that, the structure of the molecule can be used 

to study its energy and based on that, we can get to know how the binding will be. 

During this thesis we have worked with a dataset that contains off-equilibrium conformations 

of molecules, meaning that they are versions of a molecule in which the energy is very high. 

This is uncommon for the field and is what makes this dataset unique! By studying these 

molecules, particularly their structure, we were able to predict what their energy could be, 

which arises a lot of promising projects for the future. We defined the structure of a molecule 

only by considering the length between the atoms and the angle between groups of atoms. Then, 

knowing the structure of the molecule we calculated the energy as a function of the structure. 

These predictions were done through formulas which are applied and have been used for many 

decades. So, the main objective here was to improve those formulas and hopefully make even 

better predictions someday by considering more parameters.  

This is only a first step into all the studies that could come, we are setting the basis so to speak. 

There are many ways in which this project could be expanded. For example, the number of 

molecules should be increased and the way in which the structure is defined can be expanded 

by adding more depth to the amount of information about the structure. Overall, the work done 

here seems promising and gives a lot of hope about the future of this area! 
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1 Introduction 

Computational chemistry is a field with a vast amount of potential, in which simulations are 

used to solve chemical problems. It offers the possibility of “creating” molecules which do not 

necessarily exist in reality but potentially could. Therefore, these advancements could, for 

instance, be used for the design of new drugs. Not only that, but with sufficient computational 

power it is possible to predict how effective a drug will be before even trying it on a patient. 

The limitations of what can be achieved rely on the strength of computations in the next 

upcoming decades. For this purpose, it is required to study the electronic structure of said 

molecules to get to know down the line the binding of molecules to a protein and the 

conformation of proteins (Grimme & Schreiner 2018). 

In the interest of producing studies about energies of molecules in different conformations using 

neural networks (NN), the output of said studies will be relying heavily on the amount and 

quality of the data which are given as training data. So, in order to do that, databases with vast 

amounts of quality datasets have been created, such as the QM7 and QM9 datasets (Wu et al. 

2018). However, these datasets only provide information about the molecules in a low energy 

state, more specifically, at equilibrium. Which means that some of the parameters were not 

completely covered by these molecules, for instance the angular space (Smith et al. 2017). 

With the aim of taking these studies one step further, a Density Functional Theory (DFT) 

database was created, ANI-1, which is based on off-equilibrium conformations of molecules, 

their high energy states. This creation was made thanks to ab initio molecular dynamics (MD) 

simulations (Smith et al. 2017). MD is a type of simulation done by computers in which the 

trajectories of molecules and atoms over a certain time are studied. The objective is to obtain 

an understanding on how the system evolves by watching these interactions (Dong et al. 2013). 

Moreover, studying small molecules can provide insight on what the physics of a large system 

might look like (Smith et al. 2017). 

Databases with information about physicochemical properties of molecules have existed for a 

long time, e.g., Handbook of Chemistry and Physics (Haynes 2014). Recently, information 

from quantum chemistry (QM) calculations has been added to these databases, making them 

even more complete (Smith et al. 2017). These data can be used to create predictive physical 

models (van der Spoel 2021), which are later used in drug design, a field recently very focused 

on COVID-19 (Wang 2020). But the models which have been created so far could be enhanced. 

Furthermore, the creation of new models and improvements from older models have been 

moving slowly (Hagler 2019). 

This thesis is an early attempt to generate force fields (FF) based on "discovering" the potential 

functions rather than postulating a function and fitting it. During this project we have been 

working on deriving simple analytical functions from a dataset which contains information on 
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the structure and energies of molecules, with the objective of trying to reproduce the energies 

just by knowing the three-dimensional structure. These energy functions correspond to the 

energy of molecules as a function of the coordinates of their atoms. This material can be helpful 

for other fields such as drug design or protein modelling. The current existing functions have 

been basically the same since the 1960s, so we believe we can make improvements to the 

existing physical models (van der Spoel 2021, Levitt & Lifson 1969). 

This project is under the umbrella of design of force field models from quantum chemistry data, 

and it is part of Alfred Andersson’s Ph.D. project “AI for Discovering Energy Functions for 

Molecular Simulation”. In this project, AI will be used to go beyond machine learning in 

chemistry and create a new energy function for molecular simulation. Alfred is working on 

discovering mathematical relations between the atomic coordinates and the energy of the 

compound. Starting from known functions, such as harmonic and Morse potentials, the research 

group will explore many functions and combinations of functions beyond the current simplistic 

division of energy function into bond, angle and torsion potential functions. Indeed, they will 

investigate using different mathematical representations of interactions in different parts of 

compounds, to allow for a more realistic energy function.  

The document is organized after this section so there will be an explanation about the 

Background of computational chemistry, followed by a description of the Materials and 

Methods used during the project. Afterwards, the Results will be presented and an explanation 

of what these results mean will be in the Discussion. Finally, the report closes with the 

Conclusions about the entire project. 

2 Theory 

2.1 Energy from Structure: Conformations and Potential Energy 

A good place to start is by defining the concept of conformation of a molecule. A molecule is 

defined by what chemical elements it consists of and how they are connected to one another. 

The same molecule can have infinitely different conformations, meaning slightly different 

changes to the structure of the molecule. The different conformations occur because of the 

rotations of, e.g. the atoms around the bonds. Conformations like eclipsed, staggered and 

gauche arise when there are at least four atoms in the molecule. This rotation comes 

accompanied by a variation in the distance between the atoms (interatomic distance) or the 

angle between them (deformation of the angle), with the original bonds never breaking. In the 

case of the bonds changing, we would be talking about different configurations or even different 

molecules altogether. The configuration of a molecule expresses its stereochemical structure 

(Crippen & Havel 1988). 
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The differences in the behavior of a molecule can be explained by the variance of the 3D 

structure of said molecule. That being said, there are certain parameters from which some 

regularity can be expected. The bond length is usually between 1 or 2 Å, depending on the 

atoms involved, and the bond angle which will vary depending on the atom and the type of 

bond. In the case of carbons for single bonds this angle is usually 109º, for one double bond 

120º and for two double bonds or one triple bond 180º. Another parameter which will be 

repeated in most molecules is the steric hindrance, by which two atoms that are not bonded 

cannot be closer than 1-3 Å, again this value will vary depending on the atom type. This is 

accounted for by the high amount of energy which would be required for that scenario to 

happen, which would set the molecule in an unstable state (Crippen & Havel 1988). 

This slight variability in structure is going to lead to different potential energies (PE), given that 

the chemical structure is related to the energy of the molecule. The PE is the energy stored in 

an object because of its state or position, and it is the energy stored in the bonds of a molecule. 

Therefore, as one molecule can have an infinite amount of different conformations, 

consequently, it can have infinite different energies. The conformation will be the spatial 

structure at one instant in time and the energy is going to depend on the position of the atoms 

in space. If the temperature is higher than 0K, the atoms will change position constantly and 

thus, the potential energy will change continuously (Collins 2002, Crippen & Havel 1988). 

The Potential Energy Surface (PES) is the function relating the position of atoms to the outcome 

PE. In order to obtain this energy, we can express the energy and behavior of a molecule as a 

mathematical function of the positions of the nuclei (Schlegel 2003). By calculating the energies 

and forces of a molecule we are able to perform simulations of the chemical reactions (Collins 

2002). Knowing the PES will therefore allow to predict how a system will evolve over time 

(Unke et al. 2021). 

Out of all the possible conformations one is going to have the lowest PE and it is referred to as 

the equilibrium structure, in which we would say that the molecule is in a relaxed state. 

However, under extreme situations molecules will have unstable conformations which in turn 

will lead to states of very high energy and breaking of chemical bonds (Collins 2002, Moss 

1996). 

2.1.1 Energies in the Formation of a Molecule 

When it comes to the formation of a molecule from the individual elements, there are some 

energies which usually are used to describe the process. The standard enthalpy of formation is 

the amount of energy which is required to convert 1 mole of a substance from its elements in 

the standard state at room temperature and 1 bar of pressure, to the combination of those 

elements (molecule). It is represented with the symbol ΔfH⦵ (Oxtoby et al. 2011). 

If we take the example of the formation of methane (Figure 1) it starts out by having the atoms 

at 0 K, they are heated up to 298.15 K, corresponding to an energy denoted as Hcorr (note that 

Hcorr depends on the heat capacity of the species involved), and then subtracting the atomization 
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energy (ΔatH⦵) which corresponds to the energy difference between the energy of the  molecule  

and the individual free atoms. Then from the reactants by adding ΔfH⦵ the molecule is created 

and, finally, subtracting Hcorr we bring the molecule down to 0 K. Hcorr will heat up and cool 

down the molecule. These transformations will come at play when the potential energy for a 

molecule needs to be calculated (Oxtoby et al. 2011). 

 

 

2.2 Force Fields 

To be able to obtain information from a dataset which contains the energies and structures of a 

molecule, we need to use a physics model which represents the laws of nature for the system. 

The physics-based model is our way to represent the nature in which we are working: the time, 

space, etc., and how these laws apply to our model. This way, different scenarios can be 

simulated, and its outcomes studied. It provides a window into ‘what if’ scenarios (Willcox et 

al. 2021). 

In the case of representing the energy of a molecule as a function of the coordinates of its atoms, 

FFs, a type of physics-based model, can be used to achieve this goal. The term FF is employed 

since the forces acting on individual atoms are related to the potential energy function (Ponder 

& Case 2003). FFs started to be used in the 60s (Levitt & Lifson 1969). Since then, many 

variants of the energy function have been created. However, the most popular FFs still use the 

original formula (1) for most simulations of biomolecules, with the addition of the Coulomb 

potential (van der Spoel 2021).  

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸𝑏𝑜𝑛𝑑𝑒𝑑 + 𝐸𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑 

𝐸𝑏𝑜𝑛𝑑𝑒𝑑 = 𝐸𝑏𝑜𝑛𝑑 + 𝐸𝑎𝑛𝑔𝑙𝑒 + 𝐸𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙  

𝐸𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑 = 𝐸𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑠𝑡𝑎𝑡𝑖𝑐 + 𝐸𝑣𝑎𝑛𝑑𝑒𝑟𝑊𝑎𝑎𝑙𝑠  

  

Figure 1 Formation of the methane molecule from the atoms 

(1) 
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However, in some fields it is not required to have a physics-based model, i.e., it is viable to 

work only with the data, and learn from the data, by obtaining the cause from the effect. This 

approach is called the inverse problem. Domains like image recognition, social media, etc., rely 

solely on heavy amounts of data. It is important to have a high quality and quantity starting 

dataset, as this is often the hardest to obtain, without it, high quality results will not be obtained 

(Willcox et al. 2021). 

Usually, in molecular mechanical (MM) force fields, each atom is assigned an atom type in 

order to define the torsional and nonbonded potentials. One such force field is the general 

AMBER force field (GAFF), “a useful molecular mechanical tool for rational drug design and 

other areas where protein–ligand or DNA–ligand simulations are employed” (Wang et al. 

2004). GAFF describes 33 ”basic” atom types and 22 ”special” atom types. These cover almost 

all the chemical space of the following elements: H, C, N, O, S, P, F, Cl, Br, and I (Wang et al. 

2004). The atom type is assigned based on what element the atom is and the chemical 

environment. This chemical environment is determined following the sequence of bonds 

connected to that atom (Lahey et al. 2020). 

2.3 Two-Body Potentials 

To get the energy from the structure, we need a certain information about the structure of the 

molecule. It can be the distance between the atoms or the angle between said atoms. To describe 

the energy of a molecule we start by determining the two-body potentials and three-body 

potentials. 

A pair potential (PP) is the potential energy between two objects, which is only dependent on 

the distance between said two objects, atoms in this scenario, but it is also not affected by any 

of the other atoms around them. They can also be referred as two-body potentials. The potentials 

should reflect what is the bonding between the atoms. There is no directionality to the bonds 

and therefore, the interatomic potentials will depend completely on the inter-atomic distance 

between these two atoms. Some types of pair potential models which are commonly used are: 

hard/soft spheres, ionic, Lennard-Jones, Morse and 6-exponential (Buckingham) (Akimov & 

Prezhdo 2015, LeSar 2013). 

Two atoms coming close together or getting farther apart is going to influence the PE for the 

molecule. The energy will vary as the repulsion or attraction between the atoms changes. Even 

though soft sphere models are easier to implement, Lennard-Jones potential is the most used 

potential in molecular simulations. It shows the energy depending on the distance between the 

atoms, and we obtain a minimum energy when they are at a certain distance, the so-called 

equilibrium distance. This distance is unique for each pair of atom and their associated atom 

type (LeSar 2013). 
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In Figure 2 we can see the distance in Ångström on the x axis and the energy on the y axis. 

When the distance is small, the atoms are at a short distance, the energy is very high and as they 

get farther away the energy decreases until it reaches a minimum at the lowest point. Here we 

would say that the molecule is stable, when it reaches the lowest energy (LeSar 2013). 

Including as much information as possible from the structure of the molecule will make the 

predictions of the energies more accurate. Which is the reason why we should consider three-

body potentials as well, the angle of the molecules. Furthermore, we could include the dihedral 

angles, which would be four-body potentials, and so on including n-body potentials. The more 

complexity that we include to define the structure, the more accurate the approximations of the 

energies are expected to be. In order to create the energy functions for a system with N atoms, 

it is needed to sum the n-body potentials (Partridge & Schwenke 1997, Elrod & Saykally 1994). 

2.4 Data Mining: Machine Learning and Linear Systems 

Knowledge Discovery in Databases, commonly called data mining, is designed to extract the 

rules from large quantities of data. It is a research method which, by investigating an input data 

it can predict an outcome. For instance, from the purchase history of a costumer predict what 

they will most likely purchase in the future. Data mining can be seen as composed by three 

elements: dataset, statistics and machine learning. The relationship between all of them is that 

they are working on discovering patterns, correlations and even anomalies from a dataset 

(Mannila 1996). 

Machine Learning (ML) is a modern form of regression, data fitting, which has many 

advantages over traditional fitting scheme. What ML does is try to make sense of a dataset. 

When working on data mining, a ML algorithm is used to extract the relationship from a dataset 

using statistics. One example would be using ML to solve systems of linear equations, such as 

the system Ax = b, where A is an m by n matrix and x is an unknown vector of length n and b 

Figure 2 . Example of the Lennard-Jones potential. On the y axis the force of 

the Van de Waals interaction, on the x axis the distance between the particles 
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is a vector of length m. This type can be regarded as the simplest form of machine learning. A 

linear regression model assumes that there is a linear relationship between the variables. These 

linear methods are known because of their speed and general efficiency, which makes them 

often preferred as a first step in the classification of the data. These two factors are in high 

regard since the performance of the model is going to depend on the size of the dataset which 

it was able to analyze (Mannila 1996). 

Usually, to train the model we depend on the quality and quantity of data, a recurrent topic in 

many fields. This dataset will then be divided into training set and testing set. A model just 

refers to a system which can map inputs to outputs and can be something simple like linear 

systems (linear regression, linear algebra) or more complicated like Neural Networks (NN). 

When training the model one must be careful with underfitting and overfitting. Underfitting 

occurs to a model when it has not been trained enough, and therefore it cannot predict correctly 

what the results will be for data which it has not been trained on (Koehrsen 2018). 

On the other hand, overfitting occurs when the model is too well trained, to the point where it 

has included the noise as part of the fit. This will lead to a negative outcome in the results, since 

they will be too well fitted, the statistics for the model like the root mean squared error (RMSE) 

will be extremely low, since there will be next to no errors. If we were to apply this model to 

new data, it would most likely not output good results, and in the case for which it would, those 

results would not be reliable. Ideally, one should find the middle ground between underfitting 

and overfitting (Koehrsen 2018).  
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2.5 Singular Value Decomposition and Eigenvalues 

Singular Value Decomposition (SVD) is one of the most well used and a vastly useful tool in 

numerical linear algebra for data processing. It is a data reduction tool, meaning that if we have 

high dimensional data (like a video with very high resolution), SVD helps reducing these data 

into the key features which are necessary for analyzing, understanding and describing said data. 

It is one of the first steps in most dimensionality reduction and ML techniques (Brunton & Kutz 

2019). 

It has many applications; it can be used for Principal Component Analysis (PCA) a very widely 

used statistic technique and for correlation (obtaining the key correlation from data). It is 

basically used everywhere, for instance, in the Google page rank algorithm. When you look up 

something on Google and get a list of ordered search results, it is using SVD to do that. It is the 

basis for many face recognition algorithms, and it is used by Amazon and Netflix for the 

recommendation algorithms (Brunton & Kutz 2019). 

It can be used to solve linear systems of equations (Ax = b) for any type of matrix A. For 

instance, assume that we were working with health data from a group of patients, and we want 

to build a model of how different risk factors (A) map to some disease (b). A fit model (x) can 

be built that will connect the risks (A) to the outcome disease (b), or in our case the structure to 

the energy (Brunton & Kutz 2019). Any matrix could be expressed in an SVD form. For 

example, for a matrix A of length m and width n, the SVD for this matrix would be as shown 

in Figure 3 (Collins 2002). 

As mentioned, SVD is simplifying the information, breaking down the A matrix in U and V 

transposed, orthogonal (unitary) matrices, and Σ is a matrix with only diagonal elements, 

ordered by their importance. Since  SVD is reducing the data, the values from these matrices 

are eigenvalues. In the field of linear algebra, eigenvalues are the factor by which an eigenvector 

is stretched or compressed (scaled). An eigenvector is a vector which changes at most by a 

scalar factor when a linear transformation is applied to it (Dongarra et al. 2018).  

Figure 3 Schematic representation of SVD matrices 
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3 Materials and Methods 

This section will go through the materials which were necessary to do all the calculations, how 

they were executed, as well as an outline of the workflow. 

3.1 Implementation Details 

The code that we created during this project to predict energies from structure was first tested 

and ran with different parameters and approaches on a local computer, making adjustments 

until it was improved. Then we moved on to the Linux cluster of the department (ICM), so we 

could run more resource heavy code there. We coded everything in Python, with the help of 

Jupyter Notebooks, which made it easier to run prototypes, since it is not required to run the 

entire script, just sections of it. And finally, we used some chemistry tool kits and databases 

which will be listed in the next subsections. 

3.2 The ANI-1 Dataset 

The dataset used for the analyses during this project was the ANI-1 dataset. The ANI-1 dataset 

is composed by 57,462 small organic molecules (only with the elements C, H, O, N) and 20 M 

off-equilibrium conformations in total. To be able to train ML methods, the machine needs to 

be prepared for a myriad of different scenarios which it can come across. This preparation or 

training is done with a big quality and quantity dataset. However, most chemical datasets are 

focused on molecules in their lowest energy state, leaving out all those possibilities in which 

the molecule is in a high energy state, which are more unlikely to occur. The ANI-1 dataset is 

trying to occupy that niche by having all its molecules in high energy states, which makes it 

ideal to train for ML (Smith et al. 2017).  

The computational method used to create the dataset was a Density Functional Theory (DFT). 

DFT is a type of computational structure method which calculates the electronic energy of 

atoms and molecules. It is applied in physics, organic chemistry and biology, but it is also used 

combined with FF and MD to model chemical reactions (Smith et al. 2017). 

The data are divided into 8 different files, numbered from 1 to 8 (Table 1) each number 

representing how many heavy atoms the molecule in said file contains – heavy atoms here 

considered as any atom other than hydrogen. For each molecule there are thousands of different 

energy states1 and information about the following parameters: coordinates, energies, 

species/symbols and smiles. The coordinates key contains a 3D array with the molecules’ 

Cartesian coordinates. The energies key has a 1D array of energies for the different 

conformations, given in Hartree. The species key contains the atomic symbol of the atoms, and 

smiles is the Simplified Molecular-Input Line-Entry System (SMILES) string, a type of notation 

 
1 Not to be confused with electronic state.  
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to represent a molecule. In the case of water, for example, its SMILES would be: [H]O[H]. 

Besides the mentioned ones, there are two keys with high energy (HE), coordinatesHE and 

energiesHE. However, these states are extremely high in energy and they are not usually taken 

into account in biochemical research (Smith et al. 2017). 

The developers of the dataset have a GitHub repository explaining how the dataset can be 

downloaded, as well as other technical details and some examples on how to use the dataset: 

https://github.com/isayev/ANI1_dataset.  

3.3 Chemistry Tool Kits and Databases 

In this section, an overview will be given on some of the relevant databases and chemistry 

toolkits used for this project. The information had to be taken from different sources, since no 

database contained all the data which we were interested in. 

3.3.1 Alexandria 

The Alexandria library is an open source database containing quantum-chemical data of 

different molecular parameters. Limited transparency is a recurrent problem when it comes to 

the data which researchers have used for the development of a FF. Consequently, this database 

was created with the objective of making it easier to create FFs. Therefore, these data can be 

used for either the training of a FF or the systematic development of it. It contains information 

for 2704 molecules. In the case of this project, the values which were extracted from the 

database were the ΔfH⦵ as well as the common name from the molecules of ANI-1 

(Ghahremanpour et al. 2018). 

3.3.2 PubChem 

PubChem is a chemical database from the National Library of Medicine (NLM), which is part 

of the National Institutes of Health (NIH) in the U.S.A. It contains chemical data from 750 data 

sources (Kim et al. 2021). 

Table 1 ANI-1 dataset, the information and parameters used. 

Heavy atoms  Total Molecule Max Temperature Energies < 275 kcal/mol  Energies > 275 kcal/mol Total data

1 3 2,000 10,800 0 10,800

2 13 1,500 50,962 398 51,360

3 20 1,000 151,200 0 151,200

4 61 600 651,936 6,144 658,080

5 267 600 1,813,151 9,889 1,823,040

6 1,406 600 1,682,245 29,963 1,712,208

7 7,760 600 6,460,162 869,222 7,329,384

8 47,932 450 11,236,918 1,714,819 12,951,737

Total 57,462 — 22,057,374 2,630,435 24,687,809
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The PubChem website was used to convert the SMILES from the ANI-1 dataset to InChI 

(International Chemical Identifier). Also, it was utilized to obtain the molecular formula, which 

was later added to the csv document with the final dataset (Appendix A). The process was 

executed with a Python script, through the PubChem API.  

3.3.3 OpenBabel 

Given that the chemistry field uses multiple different types of files to carry chemical data, tools 

like OpenBabel had to be created in order to convert between the existing formats. It can convert 

up to 110 formats. It includes other features such as analyze, search, or store data from 

molecular modeling chemistry, solid-state materials, biochemistry and related areas. Features  

include: file format support, fingerprints and fast searching, bond perception and atom typing, 

canonical representation of molecules, coordinate generation in 2D and 3D,  stereochemistry 

and forcefields (O’Boyle et al. 2011). We used OpenBabel in this project to calculate the atom 

types (Table 2) from the ANI-1 molecules. In the following link, the entire table of GAFF atom 

types for GAFF can be found: http://ambermd.org/antechamber/gaff.html. 

3.3.4 JANAF 

The Joint Army, Navy and Air Force (JANAF) database is an online resource which contains 

the National Institute of Standards and Technology (NIST)-JANAF Thermochemical Tables to 

share the work which was put into producing the volumes. As such, it is thought of as a historic 

archive, not for the most recent and new thermochemical data available (Chase 1998). It was 

used to obtain the Hcorr and the ΔfH⦵ for the atoms included in ANI-1: C, H, O, N. Since only 

eight values in total were required from the database, they were retrieved manually. The JANAF 

database offers those values in kJ/mol, but the values in ANI-1 are in Hartree, to make 

everything homogeneous, we converted these parameters from kJ/mol to Hartree 

Atom type Description Atom type Description

c sp2 C in C=O, C=S h1 H on aliphatic C with 1 EW group;

c1 sp1 C h2 H on aliphatic C with 2 EW group;

c2 sp2 C, aliphatic h3 H on aliphatic C with 3 EW group;

c3 sp3 C h4 H on aromatic C with 4 EW group;

ca sp2 C, aromatic h5 H on aromatic C with 5 EW group;

cc(cd) inner sp2 C in conj. ring systems o sp2 O in C=O, COO- 

ce(cf) inner sp2 C in conj. chain systems oh sp3 O in hydroxyl group 

cp(cq) bridge aromatic C  os sp3 O in ether and ester

cu sp2 C in three-memberred rings  n sp2 N in amide 

cv sp2 C in four-memberred rings  n1 sp1 N 

cx sp3 C in three-memberred rings  n2 sp2 N with 2 subst. readl double bond 

cy sp3 C in four-memberred rings  n3 sp3 N with 3 subst. 

hc H on aliphatic C n4 sp3 N with 4 subst. 

ha H on aromatic C na sp2 N with 3 subst 

hn H on N nh amine N connected to the aromatic rings 

ho H on O no N in nitro group 

Table 2 Image of all the possible GAFF atom types which can be found in the ANI-1 dataset. *EW: electron withdrawn.  
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3.3.5 Quantum Mechanics 

Finally, we ran Quantum Mechanics (QM) calculations to obtain the value of Hcorr for the 

molecules (different from the value of Hcorr for the atoms). Since QM calculation is going to 

offer an approximation, it is not ideal, it is preferred to have experimental values. These 

calculations were done with Psi4, an ab initio electronic structure program which has 

implementations for DFT (Smith et al. 2020). So, we used the same level of theory for these 

calculations as the level of theory used to create the ANI-1 dataset. 

3.4 Two-Body Potentials 

This section will explain how we created the pair potentials. We can calculate the pair potentials 

differently depending on if we are considering the atoms as just the elements or as atom types.  

3.4.1 Element Type Wise 

To create the pair potentials, we made all the possible combinations which exist between the 

elements of a molecule. If we take methanol (CH3OH) as an example, it has 3 different elements 

and 6 atoms in total. There are 4 different pairs: (C, H), (C, O), (H, H), (H, O). Not all those 

atoms are bonded, like H-H, but we still want information about how the proximity of those 

atoms is affecting the overall energy of the molecule, so we treat it as if all of them are bonded 

to one another.  

3.4.2 Atom Type Wise 

If we take the case of methanol again, we would be comparing the same number of atoms, 6  

atoms, but now there exist more pairs, 7 in total: (c3, oh), (c3, h1), (c3, ho), (h1, h1), (h1, ho), 

(h1, oh), (ho, oh). In here we make a distinction between the hydrogens bonded to carbon and 

to oxygen. In the end, we could not proceed with this line of work since we did not have enough 

data to represent all the pairs for atom types. Furthermore, the runs for atom types required 

more memory, since there are more pairs for atom types, which will make the A matrix bigger. 

All in all, running atom types was more intricate than running elements and it requires more 

time, therefore we did not include it in this project.  

3.4.3 Calculating the Distances 

For pair potentials we study the interatomic distance. The distances are calculated following 

formula (2). 

𝑟 = √(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 + (𝑧2 − 𝑧1)2 

This was executed using the numpy library and the np.linalg.norm function. Thus, it takes all 

the coordinates in an array and calculates the distance all at once.   

(2) 
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3.5 Three-Body Potentials 

The same three-body potentials can be calculated differently between elements and atom types. 

3.5.1 Element Type Wise 

In the case of three-body potentials, we extracted the bond information from OpenBabel. We 

made groups of three by checking which atoms each atom is connected to and assigning one of 

them the center position. In the case of methanol, we would have 3 types of triples: (H, C, H), 

(H, C, O), (C, O, H). Also, we made sure that, if another molecule had a triple which was (O, 

C, H) this would count as the same type of triple as (H, C, O). 

3.5.2 Atom Type Wise 

For the atom types the same idea applies, the triples would be created with the atom types 

instead. For methanol the possible triples would be: (h1, c3, h1), (c3, oh, ho), (h1, c3, oh). As 

was the case with the atom type pairs, we have not included triples for atom types in the results, 

since we did not have enough molecules to represent the triples with a high enough frequency.  

3.5.3 Calculating the Angles 

In the case of three-body potentials, we calculate the angle that the three atoms in a triple form. 

Since we are studying the angles of the interactions between the three different atoms, in order 

to calculate the angle, the law of cosines was applied. So as to get the results in degrees, making 

the results easier to interpret, we calculated the arccosine, using numpy, np.linalg.arccos. This 

way we obtain the angles for all the possible triples. 

3.6 Calculating the Energies 

The equations which we are using throughout this project are in Gaussian, following a Gaussian 

distribution. We were inspired by the equation (3) to create our own energy equation (4) 

(Ochterski 2000).  

𝑉𝐶 = 𝑐000 + exp {−𝛽 [(𝑟1 − 𝑟𝑒)2 + (𝑟2 − 𝑟𝑒)2]} ×  ∑ 𝑐𝑖𝑗𝑘 [
𝑟1 − 𝑟𝑒

𝑟𝑒
]

𝑖𝑗𝑘

𝑖

[
𝑟2 − 𝑟𝑒

𝑟𝑒
]

𝑗

× [cos(𝜃) −  cos (𝜃𝑒)]𝑘 

In equation (3) ri is the bond distance between a pair and θ is the bond angle between a triple 

(Partridge & Schwenke 1997). The final equation that we approximated to calculate the energies 

is as follows: 

𝐸𝑜𝑓𝑓
𝑀 (0) + 𝐻𝑐𝑜𝑟𝑟

𝑀 (298) − ∆f𝐻
𝑀 −  ∑(ℰ0 + 𝐻𝑐𝑜𝑟𝑟(298) +  ∆𝑎𝑡𝐻)𝑎𝑛

𝑁

𝑛=1

= ∑ ∑ 𝑝(ϵ𝑖 , ϵ𝑗, 𝑟𝑖𝑗) +  ∑ ∑ ∑ 𝑡(ϵ𝑖 , ϵ𝑗, ϵ𝑘, 𝑐𝑜𝑠𝜃𝑖𝑗𝑘)

𝑁

𝑘>𝑗

𝑁

𝑗>𝑖

𝑁

𝑖=1

𝑁

𝑗>𝑖

𝑁

𝑖=1

 

All the parameters required for the left hand side of this equation (4) can be found in Appendix 

A and the right hand side was calculated with the Python script we used. The meaning of the 

parameters is presented in Table 3. 

(3) 

(4) 
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Table 3 Parameters and a brief explanation of what they are and, if needed, if they were calculated experimentally (EXP) 

or through quantum mechanics (QM).  

Parameters Brief explanation 

𝐸𝑜𝑓𝑓
𝑀 (0) 

Off-equilibrium molecule energy for molecule M. QM (obtained from ANI-

1, one for each molecule) 

𝐻𝑐𝑜𝑟𝑟
𝑀 (298) 

Thermal enthalpy or correction value of M. Correction to the enthalpy due to 

internal energy. QM (calculated by us, one for each molecule) 

Δ𝑓𝐻𝑀 

Enthalpy of molecule formation for molecule M. EXP (from database, one 

for each molecule) 

ℰ0
𝑎𝑛 

Self-interaction energy for atom a of index n QM (from ANI-1, one for each 

element) 

𝐻𝑐𝑜𝑟𝑟
𝑎𝑛 (298) 

Thermal enthalpy or correction value for atom a of index n. Correction to the 

enthalpy due to internal energy. EXP (from database, one for each element) 

Δ𝑎𝑡𝐻𝑎𝑛 

Enthalpy of atom formation for atom a of index n. EXP (from database, one 

for each element) 

ϵ𝑛 Atom of index n 

rij Distance between two given atoms i and j 

cosθijk Cosine of the angle θ formed by atoms i, j, k 

 

On equation (4), the energy functions p and t are functions which take the input value of the 

atom types involved (pairs and triples) as well as their rij and cos(𝜃) values. For each unique 

pair or triple, the values will be binned to another value by which rij or cos(𝜃) will be multiplied 

by. For instance, assume that we have a molecule of methanol and we want to calculate the 

energy contributions of all the pair and triple interactions. Furthermore, assume that the distance 

of the O-H bond varies between 1.3 and 1.6 Å and these distances are split up into 15 equally 

wide bins of width 0.02 Å. Then the value of the function p for the C-O bond at a distance 1.33 

Å would be p(C,O,1.33) = rij*x_{C,O,2} = [ assume x_{C,O,2} = 0.05 Eh / Å ] = 1.33 Å * 0.05 

Eh / Å = 0.0665 Eh, where x_{C,O,2} is the value corresponding to the second bin for the C-O 

pair. This can be done similarly for other pairs and distances as well as for triples using the t 

function and cos(𝜃) instead. 

For the p function the atoms i and j can be either bonded or non-bonded atoms. For the t 

function, assume that either atom i, j or k is the center atom such that the other two atoms are 
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linked to that center atom. If this is the case for the sum in equation (4), then cos(𝜃) can be 

calculated for the angle between the bonds linked to that center atom. If neither of the atoms of 

index i, j or k is a center atom bonded to the other two atoms, then the function t equals zero. 

3.7 Organizing the Information 

To keep track of the information we organized the data into data frames. We divided the 

different aspects into five different data frames.  

- Distance table: 

o Molecule_id 

o State_id 

o Pair_distance 

o Element_pair_id 

o Atom_type_pair_id 

- Molecule table: 

o Molecule_id 

o Molecule_name 

o No_states 

o No_pairs 

o Element_frequencies 

o Atom_type_frequencies 

- Element pair table: 

o Element_pair_id 

o Element_pair 

- Atom type pair table: 

o Atom_type_pair_id 

o Atom_type_pair 

- Energy table: 

o Molecule_id 

o State_id 

o Energy 

The advantages of storing the information in data frames is that it made it easier throughout the 

project to check the data whenever a certain error happened or when we were looking for a 

particular outlier and finding a molecule which was problematic. This is good for our case 

where we had to look at a smaller number of molecules, with larger datasets the process would 

need to be automated.  
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3.8 The Final Dataset 

In order to obtain all of the necessary parameters, we looked into different databases, and kept 

only those molecules for which we could find the values for formula (4). This reduced the 

dataset available to 76 molecules, however, for simplicity we decided to use only molecules 

which contained the elements C and H, since this study in effect is a proof of principle only. 

These two elements were the most common in all molecules, that way we could assure that we 

have enough molecules to represent the different pairs and triples. This final dataset contained 

33 molecules, each molecule with their conformations; these molecules can be found in 

Appendix A. The information is structured as follows: 

Name|Smiles|Formula|InChI|E_eq_ANI|Hcorr_molecule|AfH_molecule|E_eq|diff 

The key value contained here is the E_eq, the energy at equilibrium calculated using formula 

(4), which is expected to have a very close value to E_eq_ANI. The column E_eq_ANI contains 

the lowest energy found in ANI-1 for each of the molecules. Therefore, the energies which we 

calculated (E_eq) are expected to be lower/more negative than the energies from ANI-1 dataset. 

The energy formula (4) will give a value for the molecule at equilibrium, but the values for the 

energies at ANI-1 are off-equilibrium, thus E_eq_ANI is expected to be a bit higher. 

Consequently, the value in the diff column (calculating the difference between the two energies) 

should be greater than zero. 
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3.9 The A Matrix 

After obtaining the parameters, distances and angles required for SVD, we stored them in a 

matrix. First, an array was created containing only zeros, with the purpose of allocating all the 

space which the matrix will occupy in memory, so the filling of the matrix will not be as time 

consuming later. The matrix contains both the distance and angle frequencies. How big the A 

matrix is will be determined by the number of bins which we assign, and the number of states 

which each molecule has. The number of states determines the length of the matrix, and the 

number of bins, pairs and triples determines the width.  

Figure 4 A. Structure of the A matrix, split up into subsections. This is a simplification used for the sake of 

explanation, there are more elements in the matrix than presented here. B. Image on how a subsection in the A 

matrix would get filled in. 
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The columns to the left of the matrix correspond to the binned distance frequencies and the 

right the binned angular frequencies (Figure 4A). On the left-hand side, the numbers represent 

the number of the molecule, for each molecule which we worked with, we assigned each of 

them an index. Each molecule has several rows assigned; not all of them have the same number 

of energy states mapped in the ANI-1 dataset. Each row represents an energy state of the 

molecule. So, if we start just looking at the left-hand side, the row is divided into 4 different 

pair potentials: (C, O), (C, H), (H, H), (H, O). And in this case, all the divisions have the exact 

same number of columns, 15 in this case.  

With a practical example (Figure 4B), having the distance information between the atoms of 

multiple molecules, we find that the distances between C and O found were: the maximum 

distance 1.6Å and the minimum 1.3Å. In this case those 15 bins would contain all the 

possibilities for the distances which bin between 1.3Å and 1.6Å. If a distance like 1.33Å 

appears, in the distance matrix a frequency of one would be added to that bin, reflecting that 

there has been one distance found between 1.32Å and 1.34Å. 

Recall that 

3.10 SVD 

Next, after constructing the A matrix, for each row s we can write the problem as a linear 

equation (5) and then simplify using matrix notation (6) and apply SVD on the full A matrix 

(7). With A being the matrix, which contains the distance and angle frequencies, b being the 

energies given by ANI-1, and x the potential energy. We can get to know first the value of x 

(8), and once we have x, we can calculate the approximated energies b* (9) by knowing A* and 

x. So, we applied SVD on the A matrix, creating an approximation of the A matrix (A*), to be 

able to calculate the value of x, and afterwards calculate b*. To do this we used the linear algebra 

numpy package and the function svd (np.linalg.svd). 

𝐴𝑠𝑥 = ∑ ∑ 𝑝(ϵ𝑖 , ϵ𝑗 , 𝑟𝑖𝑗) + ∑ ∑ ∑ 𝑡(ϵ𝑖 , ϵ𝑗 , ϵ𝑘 , 𝑐𝑜𝑠𝜃𝑖𝑗𝑘)

𝑁

𝑘>𝑗

𝑁

𝑗>𝑖

𝑁

𝑖=1

𝑁

𝑗>𝑖

𝑁

𝑖=1

 

𝐴𝑠𝑥 = 𝑏𝑠 

𝐴 = 𝑉Σ−1𝑈𝑇  

𝑥 = 𝑉Σ−1𝑈𝑇  𝑏 

𝐴∗𝑥 = 𝑏∗ 

  

(5) 

(6) 

(7) 

(8) 

(9) 
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4 Results 

In this section the results found during the project will be presented.  

4.1 Pair Interaction Energies 

The first type of plot which we worked on represents the energies approximated by our model 

as well as the contributions of the pair potentials to the energy. Figure 5A is the energy plot 

where we have on the x axis the experimental energies from ANI-1 and on the y axis the 

energies approximated during this project, both in Hartree, we also added the RMSE and R2 on 

the same plot. The data were filtered so only those energies which are lesser than 0.1 Hartree 

were kept. In Figure 5B we have the distance between atoms on the x axis (in Ångström) and 

the potential energy at a certain distance (in Hartree).  

 

  

Figure 5 Energy plot for the pair potentials. A: the energy plot for the approximated energies in comparison to the ANI-1 

energies. B: the potential energy at a certain distance 

A 

B 



 - 29 - 

4.1.1 Distance Frequencies 

We created histograms to represent the distribution of the frequencies for the different distances, 

the amount of times a particular distance was found in all the molecules and conformations 

analyzed (Figure 6), in which we can see represented for each of the PP, where most of the 

distances lay. On the x axis are the distance in Ångström and on the y axis the frequency.  

  

 

 

 

  

Figure 6 Histograms of the distances in the pair potentials 
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4.2 Pair and Triple Interaction Energies 

Next, we included three-body potentials so we could have a comparison and see if the 

approximations are improved by adding a new level of complexity. The first two subplots are 

the same type as the ones for Figure 5, but we added a new subplot which contains the angles 

for the triples (Figure 7C). It is represented with the angles on the x axis (in degrees) and the 

contribution to the energy on the y axis (in Hartree). 

 

  

Figure 7 Energy plot including triples. A: the energy plot for the approximated energies in comparison to the ANI-1 

energies. B: the potential energy at a certain distance. C: the potential energy at a certain angle. 

A 

B 

C 
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4.2.1 Angular Frequencies 

The same type of histogram was done for the angles (Figure 8). On the x axis the angles in 

degrees and on the y axis we have the frequencies. We can observe for each type of pair which 

was the most common angle. The triples plotted in here are (C, C, C), (C, C, H), (H, C, H). 

  

  

Figure 8 Frequency histograms for the triple's angles 
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5 Discussion 

We have applied data mining on the ANI-1 dataset, with the objective of showing that 

relationships can be extracted from its pair potentials and three-body potentials, as well as fit 

the energies from the structure. We have proven a concept with these results, that data mining 

and the energy function created has potential to predict the energy of the structure and what 

contributions each component has to the final energy. With this project we wanted to obtain 

results which can show they are capturing the laws of nature. However, more work will be 

required in the future to further improve the energy function and apply these ideas onto a larger 

dataset.  

When it comes to the data, the ANI-1 dataset was a great source of information, nevertheless, 

some of the drawbacks of this dataset are, for instance, that the molecules are classified in 

SMILES, which might not be the best way of classifying the molecules. If we take as an 

example the SMILES for the molecule CCCl, it can also be written as ClCC. This creates an 

inconvenience when it comes especially to the creation of chemical databases, where the 

information should not be repeated, the name by which the molecules are classified should be 

completely unique. We could work with InChIs instead, but the notation for InChI occupies a 

large amount of memory space, which is not ideal. So, which one is better is a matter of the 

circumstances for which it will be required. 

In the end, the number of molecules which we used was reduced to 33, which was expected 

since we added more complexity by doing three-body interaction. Ironically, for our analyses 

the ANI-1 complete dataset was too large for us to handle, since we had RAM memory issues 

when we ran analyses for the entire dataset. But the reduced dataset with 76 molecules was too 

little, not showing enough examples of each pair or triple for SVD to be able to make accurate 

approximations. Therefore, we settle for using 33 molecules out of those 76, only those with C 

and H, to show that the model works with a simple example.  

The obtained results confirm that by adding a new layer of complexity, three-body potentials, 

the accuracy of the approximations increases. After adding the angles to the A matrix in Figure 

7A we can see how there is an increase in the R2 and a decrease in the RMSE in comparison to 

Figure 5A. For Figure 5B the energies follow roughly the Lennard-Jones potential, by which 

the energies at close distance are very high, and progressively as the distance gets larger, the 

energy decreases until reaching a minimum and after that it goes to zero, as the distance is so 

high that the contribution to the energy is none. In the case of C-C it is harder to see this outline, 

but this can be explained by the different components that C is bonded to in different molecules, 

and how these affect the overall energy (Kramer & Gedeck 2011). This would also explain the 

dip which can be seen for C-C in Figure 7B at around 5.4Ångström. Figure 7C shows how the 

angles contribute to the energy, and we would expect the plotlines to have a U-shape, being the 

most common angles the ones that contribute the least to the energy. This shape can be best 

seen at the triple (C, C, H) and (H, C, H). In (C, C, C) this is harder to see, as the carbons on 
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the sides can have very different side chains which are going to affect the angle between the 

triple. 

For the histograms in Figure 6 we have the pair potentials frequencies represented and we can 

see how for all of them there are multiple peaks, the reasoning for this is that depending on the 

type of atoms which contribute to the pair potential the average distance is going to be different. 

This could be improved by the inclusion of atom types (Kramer & Gedeck 2011). In Figure 8 

both HCH and CCH follow a Gaussian distribution because the hydrogens are not going to 

bond with anything else, so the angle is always going to be the same. However, for CCC it can 

bond to different types of side chains which are going to affect the resulting angle. For example, 

we can see a peak at around 90º which would correspond to a triple which is in a cyclic molecule 

and then we have another peak at around 110º, to represent a V-shaped geometry (McMurry 

2010).  

5.1 Future Work 

There are multiple branches in which this project could be extended, since this is just setting 

the foundation for other ideas to come. Something which could be worked on that was not 

covered here, are the longer range three-body potentials, meaning estimating the angle of all 

the possible triples in a molecule, not only those which are bonded in reality. Moreover, the 

implementation of further n-body potentials could be something to work on next, like dihedral 

angles. Then, we worked briefly with equal frequency binning, and for complex molecules it 

did not seem to work, but when we just reduce it to simple molecules, it seems to improve the 

results. So, this could be something to investigate more in depth in the future.   

The approximations of Machine Learning (ML) are in theory only limited by the dataset which 

is used to train them, the higher the quality and quantity of the data the better, for this reason 

the potential of AI is enormous. There have been some studies showing the possibility of 

creating ML force fields. The objective would be to combine the good qualities of ab initio 

methods, high accuracy, with FFs, efficiency. A type of ML method which has been used in the 

computational chemistry field are Neural Networks (NN). NN were created with the idea to 

imitate the connections between the neurons of a human brain. They are nowadays a standard 

ML algorithm (Unke et al. 2021).  

On Lahey’s paper (Lahey et al. 2020), four molecular mechanical (MM) force field models and 

two NN were used to predict the PES of the same test set,  using an ab initio method. NN 

showed to outperform FFs, obtaining smaller standard errors. On average NNs were more 

reliable, obtaining lower root mean square deviation (RMSD). However, NNs cannot handle 

values for which they have not been trained on. In the case of new unexpected information, FFs 

would work better since they are based on energy functions which would apply for most 

scenarios, except at very high temperatures, or far away from equilibrium, because FFs are not 

trained for this situations. Therefore, a future line of work for this project could be to implement 

NN.  
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Furthermore, the script which was created can be improved by using parallelization to run the 

code on multiple cores at once or finding more efficient ways of doing some calculations – this 

will improve extensively the simulations since more data could be analyzed, incrementing the 

ease with which atom types could be ran. To achieve better results, the amount of data which 

can be used should be increased, 33 molecules is enough to prove a concept, which we can 

represent laws of nature, but to obtain better results, more data would be required. Besides, we 

excluded some of the cyclic compounds as it was problematic the way which they are handled.  

Consequently, we removed them for this project, but for future work it could be included.  

Incorporating all the energy states is not ideal since, they will deviate farther from the 

equilibrium and, therefore, it will be harder for SVD to calculate. A drawback from this project 

is that we could reach an over-parametrization and, thereby overfit the model, as well as having 

samples which are too similar, so it will not give good results.  Lastly, even though we had in 

mind including atom types, since this will give a better estimation of the energies, we did not 

have enough data to obtain a good quantity of examples of all the atom types for those pairs 

and triples created. Therefore, we had to exclude them, but it is something to consider adding 

in future projects.   

6 Conclusions 

1. An energy function was created which can reproduce the energy from the structure. 

2. The model showed how much different distances and angles in the 33 molecules contribute 

to the final energy of those molecules.  

3. To improve the results the amount of data required with all the appropriate parameters needs 

to be increased. 

4. We proved that the concept can be done, to set the basis for future projects which will 

expand on this idea.  
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Appendix A – Final Dataset  

 

Name Smiles Formula InChI E_eq_ANI Hcorr_molecule AfH_molecule E_eq diff

methane [H]C([H])([H])[H] CH4 InChI=1S/CH4/h1H4 -40.4995983468 0.049503199807052 -0.028388571428572 40.5038288270328 0.004230480232764

ethane [H]C([H])([H])C([H])([H])[H] C2H6 InChI=1S/C2H6/c1-2/h1-2H3 -79.8014726795 0.080434490265189 -0.031931428571429 79.80165181288 0.000179133379959

ethene [H]C([H])=C([H])[H] C2H4 InChI=1S/C2H4/c1-2/h1-2H2 -78.5574233994 0.055842710047604 0.02000380952381 78.5625365770162 0.005113177616195

hydrazine [H]N([H])N([H])[H] H4N2 InChI=1S/H4N2/c1-2/h1-2H2 -111.826060412 0.058937715509993 0.036324952380952 111.839216160393 0.013155748392848

propane [H]C([H])([H])C([H])([H])C([H])([H])[H] C3H8 InChI=1S/C3H8/c1-3-2/h3H2,1-2H3 -119.105938766 0.110770572726648 -0.039878095238095 119.103283400254 -0.002655365745724

butane [H]C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C4H10 InChI=1S/C4H10/c1-3-4-2/h3-4H2,1-2H3 -158.410293424 0.141214623935877 -0.04792 158.405118194472 -0.005175229528419

pentane [H]C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C5H12 InChI=1S/C5H12/c1-3-5-4-2/h3-5H2,1-2H3 -197.713731773 0.171541963577926 -0.055908571428572 197.706782943788 -0.006948829211609

cyclopentene [H]C1=C([H])C([H])([H])C([H])([H])C1([H])[H] C5H8 InChI=1S/C5H8/c1-2-4-5-3-1/h1-2H,3-5H2 -195.273188049 0.124626193558381 0.012304761904762 195.266477405334 -0.006710643666366

2-methylbut-1-ene [H]C([H])=C(C([H])([H])[H])C([H])([H])C([H])([H])[H] C5H10 InChI=1S/C5H10/c1-4-5(2)3/h2,4H2,1,3H3 -196.480663296 0.146710243818212 -0.013447619047619 196.476902054097 -0.003761241903192

cyclohexane [H]C1([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])C1([H])[H] C6H12 InChI=1S/C6H12/c1-2-4-6-5-3-1/h1-6H2 -235.821593861 0.180050860403171 -0.046971428571429 235.807115318452 -0.014478542548233

cyclohexene [H]C1=C([H])C([H])([H])C([H])([H])C([H])([H])C1([H])[H] C6H10 InChI=1S/C6H10/c1-2-4-6-5-3-1/h1-2H,3-6H2 -234.577478894 0.154572382726307 -0.001752380952381 234.573829575605 -0.003649318395105

benzene [H]c1c([H])c([H])c([H])c([H])c1[H] C6H6 InChI=1S/C6H6/c1-2-4-6-5-3-1/h1-6H -232.17883445 0.107422744579458 0.031573333333333 232.16817778807 -0.010656661929602

2-methylpent-2-en [H]C(=C(C([H])([H])[H])C([H])([H])[H])C([H])([H])C([H])([H])[H] C6H12 InChI=1S/C6H12/c1-4-5-6(2)3/h5H,4H2,1-3H3 -235.787675533 0.176909700699556 -0.025438704761905 235.782441434939 -0.005234098061379

2-methylpentane [H]C([H])([H])C([H])([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])[H] C6H14 InChI=1S/C6H14/c1-4-5-6(2)3/h6H,4-5H2,1-3H3 -237.01965685 0.201317382747571 -0.066495238095238 237.010493867871 -0.009162982129055

3-methylpentane [H]C([H])([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])C([H])([H])[H] C6H14 InChI=1S/C6H14/c1-4-6(3)5-2/h6H,4-5H2,1-3H3 -237.01844126 0.201468616656239 -0.06552380952381 237.009673673208 -0.008767586791834

4-methylpent-1-ene [H]C([H])=C([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])[H] C6H12 InChI=1S/C6H12/c1-4-5-6(2)3/h4,6H,1,5H2,2-3H3 -235.781833487 0.176716223060631 -0.019504761904762 235.776314014443 -0.005519472557467
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Name Smiles Formula InChI E_eq_ANI Hcorr_molecule AfH_molecule E_eq diff

methylcyclopentane [H]C([H])([H])C1([H])C([H])([H])C([H])([H])C([H])([H])C1([H])[H] C6H12 InChI=1S/C6H12/c1-6-4-2-3-5-6/h6H,2-5H2,1H3 -235.813099788 0.179291431884985 -0.040457142857143 235.799841604219 -0.013258183780693

2-methylpent-1-en [H]C([H])=C(C([H])([H])[H])C([H])([H])C([H])([H])C([H])([H])[H] C6H12 InChI=1S/C6H12/c1-4-5-6(2)3/h2,4-5H2,1,3H3 -235.783368146 0.176969734021521 -0.022569676190476 235.779632439689 -0.003735706310835

4-methylcyclopentene [H]C1=C([H])C([H])([H])C([H])(C([H])([H])[H])C1([H])[H] C6H10 InChI=1S/C6H10/c1-6-4-2-3-5-6/h2-3,6H,4-5H2,1H3 -234.579706384 0.154390687291195 0.005158095238095 234.566737403979 -0.012968980020702

3-methylcyclopentene [H]C1=C([H])C([H])(C([H])([H])[H])C([H])([H])C1([H])[H] C6H10 InChI=1S/C6H10/c1-6-4-2-3-5-6/h2,4,6H,3,5H2,1H3 -234.579292761 0.154590327392595 0.002819047619048 234.5692760917 -0.010016669300256

hexane [H]C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C6H14 InChI=1S/C6H14/c1-3-5-6-4-2/h3-6H2,1-2H3 -237.018113667 0.201857077927955 -0.063596190476191 237.008134515432 -0.009979151567734

hex-1-ene [H]C([H])=C([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C6H12 InChI=1S/C6H12/c1-3-5-6-4-2/h3H,1,4-6H2,2H3 -235.779664987 0.17733464634894 -0.015874285714286 235.77330196154 -0.006363025459621

3-methylhex-1-ene [H]C([H])=C([H])C([H])(C([H])([H])[H])C([H])([H])C([H])([H])C([H])([H])[H] C7H14 InChI=1S/C7H14/c1-4-6-7(3)5-2/h5,7H,2,4,6H2,1,3H3 -275.083449703 0.207380606522026 -0.025405714285714 275.076228188531 -0.007221514468938

2-methylhexane [H]C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])[H] C7H16 InChI=1S/C7H16/c1-4-5-6-7(2)3/h7H,4-6H2,1-3H3 -276.324055763 0.231676336675964 -0.074133333333333 276.311839755284 -0.012216007716404

5-methylhex-1-ene [H]C([H])=C([H])C([H])([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])[H] C7H14 InChI=1S/C7H14/c1-4-5-6-7(2)3/h4,7H,1,5-6H2,2-3H3 -275.084323593 0.207241241126538 -0.027314285714286 275.077997394564 -0.006326198435886

methylcyclohexane [H]C([H])([H])C1([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])C1([H])[H] C7H14 InChI=1S/C7H14/c1-7-5-3-2-4-6-7/h7H,2-6H2,1H3 -275.125537739 0.209864823392656 -0.058971428571429 275.112278119687 -0.013259619312578

2-methylhex-1-ene [H]C([H])=C(C([H])([H])[H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C7H14 InChI=1S/C7H14/c1-4-5-6-7(2)3/h2,4-6H2,1,3H3 -275.087693525 0.207331141741932 -0.029420952380952 275.080193961846 -0.007499563153829

toluene [H]c1c([H])c([H])c(C([H])([H])[H])c([H])c1[H] C7H8 InChI=1S/C7H8/c1-7-5-3-2-4-6-7/h2-6H,1H3 -271.482598443 0.136251771787469 0.019112380952381 271.472816605905 -0.009781837094465

3-ethylpentane [H]C([H])([H])C([H])([H])C([H])(C([H])([H])C([H])([H])[H])C([H])([H])C([H])([H])[H] C7H16 InChI=1S/C7H16/c1-4-7(5-2)6-3/h7H,4-6H2,1-3H3 -276.318266344 0.232024604915909 -0.072125714285714 276.310180404476 -0.008085939524108

3-ethylpent-1-ene [H]C([H])=C([H])C([H])(C([H])([H])C([H])([H])[H])C([H])([H])C([H])([H])[H] C7H14 InChI=1S/C7H14/c1-4-7(5-2)6-3/h4,7H,1,5-6H2,2-3H3 -275.081149808 0.207228286414549 -0.024419047619048 275.075089201757 -0.006060606243125

heptane [H]C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])C([H])([H])[H] C7H16 InChI=1S/C7H16/c1-3-5-7-6-4-2/h3-7H2,1-2H3 -276.318898234 0.232403429303778 -0.071485714285714 276.309919228864 -0.008979005136212

3-methylhexane [H]C([H])([H])C([H])([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])C([H])([H])[H] C7H16 InChI=1S/C7H16/c1-4-6-7(3)5-2/h7H,4-6H2,1-3H3 -276.32268148 0.231769918056197 -0.072876190476191 276.310676193807 -0.012005286193357

4-methylhex-1-ene [H]C([H])=C([H])C([H])([H])C([H])(C([H])([H])[H])C([H])([H])C([H])([H])[H] C7H14 InChI=1S/C7H14/c1-4-6-7(3)5-2/h4,7H,1,5-6H2,2-3H3 -275.083316414 0.207346351078109 -0.025409523809524 275.076197742611 -0.007118671389094
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