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ABSTRACT 

The world today relies on hydrocarbon combustion for many reasons, including its high energy 
density that provides ease of transportation. However, hydrocarbons sourced from fossil fuels 
are not expected to last forever. Biodiesel, a renewable alternative, has many attractive 
benefits but comes with other downsides. Biodiesel can gel in cold environments and may leave 
residue in an engine. Pyrolysis of biodiesel has shown promise in addressing these common 
detriments. Inducing pyrolysis on biodiesel feedstock (commonly soybean oil in the USA) would 
be an attractive option presuming it continues to produce fossil fuel analogs similar to biodiesel 
pyrolysis. Herein, Langevin molecular dynamics were employed to simulate the pyrolysis of 
6400 soybean oil-based triglycerides (SOBTs). One hundred runs containing 64 triglycerides 
each were performed at 2000K for 10 picoseconds with 1 femtosecond timesteps. ANI-2x, a 
machine-learned interatomic potential, was used as the energy calculator. Bond breaking and 
forming events in each run were observed and analyzed. The results matched expectations 
from bond dissociation energy (BDE) values for oleic and linoleic acids (those with BDE data 
available). 
 
 
 
 
 
 
 
 
 
KEYWORDS:  renewable fuel, pyrolysis, thermal cracking, triglycerides, soybean oil, molecular 
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chemistry, python  
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BACKGROUND OF FUELS 

1.1 Fossil Fuels 

Fossil fuels are currently the main energy source for most countries and are expected to 

continue to providing a majority of energy through 2030.1,2 The dependency on fossil fuel can 

be attributed to the attractive high energy density (less oxidized than other fuel sources such as 

wood) and large initial supply. The issue lies in that fossil fuels are effectively nonrenewable, 

and many developed countries do not have long-term fossil fuel reserves, which consist of oil, 

fuel, and natural gas (Figure 1.1).1 Moving away from fossil fuels may prove difficult, as the 

widespread usage implies large infrastructure put in place to use fossil fuels. 

 

 

Figure 1.1 Fossil fuel reserves for groups of countries and European countries. Each bar 
represents the number of years until full depletion of the respective resource at the usage rate 
in 2019 of each country. The Organisation for Economic Co-operation and Development 
(OECD) is made up of thirty-eight countries and includes the United States. Reproduced with 
permission under Creative Common CC BY license.1 

 

While supplies diminish, the usage of fossil fuels continues to rise at an expected rate of 

approximately 1.1% per year.2 Petroleum usage in both the transportation sector and industrial 
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sector in the United States have followed this trend, with the only notable instances counter to 

the trend being the 2008 financial crisis and the 2020 pandemic (Figure 1.2).3 

 

 

Figure 1.2 U.S. Daily Petroleum Usage in thousand barrels per day. Notable periods of time can 
be seen in highlighted areas. The left highlight represents the 2007-2008 financial crisis. The 
right highlight represents the beginning of the COVID-19 pandemic. Data from U.S. Energy 
Information Administration.3  

 

Following supply and demand, fossil-fuel derived commodities (such as gasoline) have 

shown a trend of increasing in price (Figure 1.3).3 The large fluctuations in the price seen in 

Figure 1.3 are consistent with the notion that fossil fuels are subject to fluctuation much more 

than their renewable counterparts.2 The price has been normalized for inflation since 1986.4 
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Figure 1.3. Gasoline spot price at New York Harbor, normalized with 1986 CPI. Notable periods 
of time can be seen in highlighted areas. The left highlight represents the 2007-2008 financial 
crisis. The right highlight represents the beginning of the COVID-19 pandemic. Price data from 
U.S. Energy Information Administration and CPI data from U.S. Bureau of Labor Statistics.3,4  

 

 1.2 Electric Vehicles 

In pursuit of an alternative for petroleum fueled transport, the sale of electric vehicles 

has risen dramatically since the turn of the 20th century.5 As electric vehicles have become 

more of a viable option, many countries have set goals to increase their electric auto fleet 

through tax incentives.5 Electric vehicles do not depend on petroleum for transportation, but 

rather the source of power for the electrical grid.6,7 Approximately 22% of total electricity 

generation in the United States in 2022 was comprised of renewable resources.8 The majority 

of electricity produced in the United States in 2021 originated from the usage of coal and 

natural gas, making up shares of 21.9% and 38.4% of the total electricity produced, 

respectively.9 It is estimated that the widespread adoption of electrical vehicles and the 
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electrification of buildings would lead to a 20%-38% increase in total electricity consumption by 

2050.7 

Similar to conventional vehicles with oil, electric vehicles encounter another supply 

chain issue when it comes to batteries.6,10 The raw materials needed for the production of 

batteries for electric vehicles are limited to certain geographical regions, leading to similar 

trade policy issues that fossil fuels face.10,11 Following the current growth pattern, it is 

estimated that by 2040, the raw material requirements for the production of electric vehicles 

will require up to 8 times the production rate of raw materials in 2023.12 

1.3 Biodiesel 

Biodiesel, by definition, is a fatty acid alkyl ester (FAAE) that can be used in place of 

conventional diesel (mixture of aliphatic and aromatic hydrocarbons with between 10 and 18 C 

atoms) in engines.13–16 This alternative to conventional diesel, or just “diesel”, is commonly 

produced by transesterification of a fatty acid (FA) ester or triglyceride (TG, shown in Figure 1.4) 

derived from a renewable vegetable oil or animal fat (biomass).14,17,18 The transesterification of 

vegetable oils is not a new process, and was originally performed in the mid-1800s.19 The 

production of biodiesel has shown great success in commercial applications despite having 

some incompatibilities with diesel engines and a change in emissions.15,20–22 
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Figure 1.4 Structural representations of linoleic acid, glycerol, and trilinolein (a triglyceride 
containing 3 fatty acid residues of linoleic acid). 

 

The transesterification process involves a reaction of a TG with a short-chain 

monohydric (one hydroxyl group) alcohol in the presence of a catalyst, ideally a base. The first 

transesterification reaction yields a diacylglycerol or diglyceride (DG) and a FAAE.14 Another 

monohydric alcohol will ideally react with a DG to produce a FAAE and a monoacylglycerol or 

monoglyceride (MG).14 Ideally, a similar reaction will then take place, with the final products 

identified as three FAAEs and one glycerol.14 

The TGs used in the production of biodiesel can be sourced from a variety of readily 

available, renewable oils.14,23 They are an attractive alternative to crude oil as a source of 

hydrocarbons for fuel, due to their abundance in nature.23 Worldwide in 2007, rapeseed 
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(canola) oil was the predominant feedstock in biodiesel production, making up 48% of the 

production with 4.6 million metric tons of oil.14 Rapeseed oil was followed by soybean oil at 

22%, and palm at 11% with lesser used oils making up the remaining 19% (Figure 1.5).14  

 

 

Figure 1.5. Pie chart representing the main feedstock sources for biodiesel production 
worldwide by weight percent in 2007.14 

 

Though rapeseed is the most used by over double worldwide, it should be noted that 

soybean oil is the most used vegetable oil in the United States.14,17 Though vegetable oils are 

the most common source of TGs, animal fats and microorganisms are also a source of TGs.23 

1.4 Biodiesel Properties 

Though biodiesel has shown success in fueling vehicles in the same manner as 

conventional diesel, they are not chemically identical. Biodiesel containing fuels (biodiesel and 

conventional diesel blend) are known to have higher lubricity than their conventional 

counterpart, and can form deposits.15 As well as deposits, fuel filters can be clogged or 

Canola oil
48%

Soybean Oil
22%

Palm Oil
11%

Other Oils
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Biodiesel Production Feedstock Sources by 
Weight Percent
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degraded, which scales directly with the glycerol content of the fuel (glycerol is a byproduct of 

triglyceride transesterification that is not completely removed).15 Though literature is sparse 

regarding the long term effects of biodiesel on automotive parts, some studies have shown a 

higher failure rate in biodiesel-exposed auto parts compared to solely conventional diesel.21,24 

Fuel injector and fuel pump failure, as well as increased deposits on fuel injectors and fuel 

pumps, have been shown to be the largest contributors to this notion.21 

In addition to biodiesel’s effect on engines, biodiesel also poses changes in emissions 

from combustion.15,22 Nitric oxides, denoted as NOx, have been shown to be produced in 

greater quantities from biodiesel-containing blends as opposed to conventional diesel.15,22,25 

However, the NOx production has been shown to be both feedstock-dependent and engine-

dependent and not greater than conventional diesel in every case.15,25 Particulate matter (PM) 

is also a metric for emission comparison, with biodiesel nearly undisputedly showing lower 

particulate emission as well as clearer smoke opacity.15,22,25 The differences between the 

emissions of conventional diesel and biodiesel become more apparent with an increase of 

oxygen in the fuel (Figure 1.6).25 
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Figure 1.6 Change in PM and NOx emissions for soy methyl ester as well as rapeseed (canola) 
methyl and ethyl ester blends. Stock, four-stroke engines produced by manufacturers Detroit 
Diesel Corporation (DDC) and Cummins Incorporated are used. Reproduced with written 
permission from Elsevier.25  

 

1.5 Biodiesel Production 

While a base catalyst is commonly used in the transesterification of high-quality 

feedstocks, a consideration that must be made is the quality of the feedstock used. If the 

feedstock is particularly low quality, perhaps with a free fatty acid (FFA) content of more than 

3% by weight, base catalyzed transesterification is no longer an effective option.14 The base 

catalyst will react with the FFAs to form salts of fatty acids, also known as saponification 
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(formation of soap). This reaction would irreversibly quench the catalyst and result in a mixture 

of FFA, soap, TGs, DGs, MGs, biodiesel, glycerol, water, and unused monohydric alcohol.14 This 

mixture is unusable as a fuel as is, and any water in the mixture with base catalyst will 

hydrolyze fatty acid arms on TGs, DGs, and MGs to form more FFAs.14,26 An alternative, albeit a 

slower and much more costly method of addressing high FFA content, is acid pretreatment of 

the feedstock before transesterification with homogeneous base catalysts. This method shows 

consistent results of products derived from feedstock with lower FFA content.14,26  

When more steps are taken in production, the cost of production will inevitably 

increase. Biodiesel is relatively expensive to make compared to the final cost of petroleum 

diesel.27 This creates a problem concerning incentive of production of biodiesel, considering the 

cost of raw materials used to create biodiesel is greater than the cost of the finished product of 

its conventional counterpart. Due to this, efforts have been formed to find less expensive 

sources of reactants for the creation of biodiesel. 

1.6 Pyrolysis 

In pursuit of alternative fuel at a lower cost, other methods have been explored as a 

source of renewable energy. An economical way of producing a renewable fuel from biomass is 

pyrolysis.18,28. Pyrolysis is a broad term that can describe high temperature thermal cracking, 

which leads to a wide variety of products, or lower temperature processes that can lead 

exclusively to the decarboxylation of fatty acids and TGs.28,29 It comes with the upside that it is 

cheap and simple to construct, and has been fairly well studied. Pyrolysis of vegetable oils is 

particularly beneficial in areas containing abundant hydro processing industry (hydro cracking 
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or hydro treating using hydrogen), as the technology required for pyrolysis is similar to that of 

the refining of conventional petroleum.28 

 Applying pyrolysis to biomass can yield biofuel fractions of each phase - solid, liquid, 

and gas. The amount of each phase and the types of compounds contained depend strongly on 

the conditions of the pyrolysis (heat and duration). The products of the process would be most 

beneficial in the form of liquid due to ease of transportation and refining to become an 

economical product. It has been shown that a pyrolytic process of less than a few seconds at a 

temperature of approximately 500°C is optimal to maximize the yield of liquid phase products 

from dry feedstock.28,30 These processes can be defined as “fast” pyrolysis and have been 

shown to yield up to around 80% liquid product by weight. This can be compared to a lower 

temperature pyrolysis. Under catalytic treatment at 40 bar and 300°C with activated carbon 

supported palladium, stearic acid and the three-armed TG of stearate (found in vegetable oils) 

can be decarboxylated.29 N-heptadecane and their corresponding byproducts can be produced 

in near 100% yield.29 When vegetable oils are subjected to pyrolysis, they are converted to 

hydrocarbon-rich fuels.28 Using these oils as a feedstock comes with other benefits including 

easy transportation (liquid), similar heat content to diesel, neutral pH, and little-to-no water 

content.28 

The pathways regarding pyrolysis of TGs are a current area of research. The cleavage of 

carbon-carbon bonds in pyrolysis can create lower molecular weight (MW) organic products 

commonly used as fuel, such as gasoline.23 These lighter products can be more representative 

of the lighter fractions of crude oil fractional distillation, compared to the long chain fatty acid 

methyl esters that are produced by simple transesterification.23,31 This is not a new aspect, as it 
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is used in the production of gasoline (naphtha).32 Some of the heavier fractions of crude oil are 

pyrolyzed (converted) to maximize the gasoline fraction.32 Figure 1.7 shows a simplified 

representation of the fractional distillation process of crude oil. 

 

 

Figure 1.7 Simplified representation of fractions produced by fractional distillation of crude oil. 
Reproduced with permission under Creative Commons Attribution-Share Alike 3.0 Unported 
license. Upscaled 400%.33 

 

Pyrolysis in TGs is either initialized by the breakage of the carbonyl carbon to ester 

oxygen bond, or the ester oxygen to glycerol carbon bond.23 In the first case, the glycerol has a 

possibility of forming high MW products such as coke and tar due to a formation of an unstable 

intermediate such as acrolein that can begin a polymerization reaction.23 Specific reaction paths 

are more well known of the pyrolysis processes that use catalysts.23 Proposed pathways for 

non-catalyzed pyrolysis of TGs can be seen in Figure 1.8. 
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Figure 1.8 Primary reactions involved in the general mechanism of TG cracking.23 Reactions 1 
and 2 represent the expected initial pathway of TG cracking.23 Reactions 3 and 4 represent the 
common mechanism for cracking of the alkyl chain, followed by radical quenching through 
hydrogen radical formation and exchange.23 Reaction 5 represents a Diels-Alder reaction that 
may form cyclized products in the cracking process.23 

 

Non-catalyzed pyrolysis has been studied less; however, the studies that have been 

conducted show product patterns. As decarboxylation is not catalyzed, it has been shown that 

long chain FAs can be commonly found as a stable product. In some cases, however, a ketene is 

formed which would lead to a mixture of alkanes, alkenes, and aromatics in place of the long 

chain FA.23 Allowing high MW FAs to accumulate as the ultimate product is not ideal, as it does 
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not add “fuel value” since this mixture would suffer from undesirable fuel properties (low fuel 

density, high freezing point, and acidity).23  The production of large amounts of FAs is the least 

attractive part of non-catalyzed pyrolysis methods.23 

BACKGROUND OF COMPUTATION 

2.1 Molecular Dynamics 

Molecular dynamics are simulations of motion of individual molecules that are used to 

model solids, liquids, and gases.34 In a real experiment, a given quantity is measured over a 

certain time interval using an instrument such as a thermometer for the property of 

temperature.35 If the measurement is prone to statistical noise, the measurement will become 

more accurate the longer the measurement is averaged.35 The same idea can be applied to 

molecular dynamics simulations, with an observable dependent on the positions and momenta 

of particles in a system.35 Once again using temperature as an example, the instantaneous 

temperature for a finite system can be obtained using Equation 1.  

𝑇(𝑡)  =  ∑
𝑚𝑖𝑣𝑖

2(𝑡)

𝑘𝐵𝑁𝑓

𝑁
𝑖=1  (1) 

With 𝑇 representing temperature, 𝑡 representing time, 𝑁 representing the number of 

atoms in the simulation, 𝑚𝑖 representing the mass of atom 𝑖, 𝑣𝑖
  representing the velocity of 

atom 𝑖, 𝑘𝐵 representing the Boltzmann constant, and  𝑁𝑓 representing the degrees of freedom 

in the simulation. 

Molecular dynamics simulations come in different forms. These include classical 

molecular dynamics (moving bodies based on classical physics equations), ab initio molecular 

dynamics (moving bodies based on quantum physics), and semi-empirical molecular dynamics 

(using some real-world data with a blend of other calculation methods). The most accessible 
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form of molecular dynamics is classical molecular dynamics as consumer grade computers can 

run the calculations required of a simulation. 

Classical molecular dynamics (CMD) revolve around the idea that given initial conditions 

and forces, the output of a process can be predicted.34 In other words, given the knowledge of 

the placement of atoms and how they interact, the whole reaction can be extrapolated. CMD is 

performed through the calculation of forces exerted on each atom at various intervals of the 

simulation, called timesteps.35 Using the calculated forces for each timestep, Newton’s second 

law is integrated, providing velocities for each atom.35 

Ab initio molecular dynamics (AIMD), with ab initio meaning ‘from the beginning’, differs 

from traditional molecular dynamics by relying on the quantum Schrödinger equation instead 

of Newton’s second law.36 This is typically more a more accurate yet more computationally 

intensive approach to simulating a molecular system.36 AIMD is typically used in realistic 

simulation of complex systems, which can replace the need for a practical experiment that is 

infeasible due to either a financial or logistical reason.36 

An alternative method to purely ab initio calculations is semi-empirical (SE) methods. 

These types of methods implement empirical data found in relevant real-world scenarios to 

replace some of the computationally intensive integrals, effectively giving the calculations a 

head start.37,38 SE methods come with the implied downside of lower accuracy due to imposed 

approximations.37,38 

Due to time and computing power limitations, CMD simulations can cut computing costs 

compared to AIMD by using more approximate methods that are much faster.37,38 However, 

CMD comes with much less accuracy compared to AIMD. The golden standard of energy 
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computation would be matching the accuracy of ab initio methods whilst improving the time of 

computation.37,38  

 An ideal implementation of machine learning could provide large amounts of accuracy 

while also providing a quick calculation.37,38 Recently, machine learning has become a lot more 

popular in modeling atomistic simulations due to the speed of computation being up to five 

orders of magnitude higher than ab initio calculations.37,38  Machine learning cannot necessarily 

reason like a human how a new type of calculation (i.e.  different chemical environment) would 

be different from a calculation on it was trained.37,38 Ideally, the machine learning model would 

be trained on data that would be analogous to any calculations that it would encounter in 

experiments.37,38 

Langevin dynamics, a specific model for classical molecular dynamics, is a modification 

of Brownian (random) motion that additionally considers the effects of molecules surrounding a 

body.39,40 The simplest continuous form of the Langevin equation is shown in Equation 2.41  

𝑚𝑎(𝑡) =  −𝛻𝐸(𝑥(𝑡)) −  𝛾𝑚(𝑣(𝑡)) + 𝑅(𝑡) (2) 

with 𝑚 representing mass, 𝑎(𝑡) representing acceleration of the particle with respect to time, 𝑥 

representing the position of a particle, 𝛾 representing the friction coefficient (in reciprocal time 

units), 𝑣(𝑡) representing velocity with respect to time, 𝑅(𝑡) representing a zero-mean 

stationary gaussian process with respect to time, satisfies the following expressions in Equation 

3.41  

〈𝑅(𝑡)〉 = 0,   〈𝑅(𝑡) ∙ 𝑅(𝑡̂)𝑇〉 =  2𝛾𝑘𝐵𝑇𝑚𝛿(𝑡 −  𝑡̂) (3) 

With 𝛿 representing the Dirac delta, and 𝑡̂ representing the Fourier transform of 𝑡, 𝑇 

representing the temperature of the system, and 𝑘𝐵 representing the Boltzmann constant.41 
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Equation 2’s terms can be broken down into separate contributions to the resulting force 

(𝑚𝑎(𝑡)). The first term, 𝛻𝐸(𝑥(𝑡)), is the contribution of pairwise interactions between 

particles. The second term, 𝛾𝑚(𝑣(𝑡)), is the contribution of friction because of the system 

being treated as a fluid and can be tuned with the friction coefficient 𝛾. The third term, 𝑅(𝑡), is 

the contribution of random movement, which can be tuned with the temperature 𝑇.41 

2.2 Interatomic Potentials in Classical Molecular Dynamics 

The key to how atoms interact (attraction and repulsion) with each other is an 

interatomic potential, or potential energy surface. Some of the more well known, and simple 

interatomic potentials include the Morse potential and Lennard-Jones potential.42 The general 

form for the Morse potential, which models diatomic molecules similar to the harmonic 

oscillator while accounting for anharmonicity, is shown in Equation 4.42,43 

𝑉𝑚𝑜𝑟𝑠𝑒 =  𝜖[2𝑒−2𝛼𝑟 − 𝑒−𝛼𝑟] (4) 

Equation 4 represents energy (𝑉𝑚𝑜𝑟𝑠𝑒) as a function of interatomic distance (𝑟). 𝜖 and 𝛼 

correspond to tunable parameters. The Lennard-Jones potential, which models van der Waals 

interactions between electronically neutral atoms or molecules, is similar with the same 

number of tunable parameters, and can be seen in Equation 5.42,44 

𝑉𝐿𝐽 =  4𝜖 [ (
𝜎

𝑟
)

12

−   (
𝜎

𝑟
)

6

] (5) 

These equations allow for a pairwise interaction between two atoms, which can make 

up the first term, 𝛻𝐸(𝑥(𝑡)), of Equation 2. The graph of Equation 4 can be seen in Figure 2.1 
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Figure 2.1 Representative graph of Equation 4 with tunable parameters equal to 1. The highlighted 
region of the graph represents equilibrium bond distance. 

 

Figure 2.1 is a representative graph of the Morse potential. The graph contains three 

regions of interest. The first region is the global minimum, which is representative of the 

interatomic distance to minimize potential energy, the optimal interatomic distance in a 

representative molecule. This region is more commonly known as the equilibrium bond 

distance. The second region is the rapid increase to the left of the minimum (as r approaches 0), 

as this is representative of interatomic repulsion as two atoms get too close together. The third 

region is to the right of the minimum (as r approaches infinity), which is representative of two 

atoms with a large interatomic distance, and therefore having minimal interaction.  

Potential energy surfaces (PESs) are effectively the greater-than-two-dimension versions 

of a potential energy curve/energy profile.45 Three-dimensional PESs are commonly used to 

visually describe potential energy as a function of two molecular properties such as bond length 
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and bond angle.45,46 An example of this can be seen in the PES of water, shown in Figure 2.2 

with potential energy on the z-axis, H-O distance on the x-axis, and the H-O-H angle on the y-

axis.46 

 

 

Figure 2.2 Potential energy surface for Water (H2O). Reproduced with permission from 
Creative Commons Attribution-Share Alike 3.0 Unported.46  

 

2.3 ANI Potential 

ANI, short for ANAKIN-ME: Accurate NeurAl networK engINe for Molecular Energies, is a 

neural-network-derived potential that aims to allow for accurate and quick molecular 

calculations. Previously, neural network applications to molecular dynamics simulations had the 

inability to allow for different numbers of bodies in the simulation as the optimized weights 

were designated for a fixed number of input nodes.47 There has been interest in the creation of 

a transferable machine learning model, which does not require fixed parameters and can span 

large use cases.38 The transferable model, in theory, obtains large amounts of quantum 

mechanical training data with the goal of being able to extrapolate to new systems from the 
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vast examples of systems in the training data.38 The downside of this approach is that any 

training data that is not catered to a given case can decrease the accuracy of the model’s 

calculations on that given case.38 

ANI-1 contains 57,951 molecules in the training data set, consisting of every possible 

molecule up to 8 atoms for carbon, nitrogen, and oxygen.37 The potential energy surfaces that 

were used to train the model were found by Normal Mode Sampling (NMS).37 NMS consists of 

calculating the normal mode of the molecule, and then perturbing the structure in equilibrium 

along the normal modes to maximum energy.37 The point of this is to plot data of the various 

energies between the minimum and maximum values.37 From this method, the data set boasts 

17.2 million scenarios.37 

The ANI potential would use a modified version of the previous neural network models 

such that they can be more transferable than the originals.37,47 The novel method to achieve 

this is a modification to the original neural network in which atomic environmental vectors 

(AEVs) are created as molecular representations.37,38 These AEVs are built for each atom, taking 

in a radial part based on the atomic number, and an angular part based on the atomic number 

pairs.37,38 This contrasts with the original neural networks that would not differentiate with 

respect to atomic numbers.37,47  

ANI-1 shows higher accuracy in selected test cases than DFT with semi-empirical DFTB 

and PM6, two common methods.37 The speed of these computations was extremely quick for 

ANI-1, with the amount of time being comparable to the time it would take to perform classical 

force field method calculations.37 
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The latest release of ANI, ANI-2x, aims to expand on a common application of 

computational chemistry, namely drug prediction.38 ANI-2x is an expansion of ANI-1x that adds 

in S, F, and Cl due to their prevalence in drug compounds.38 As well as the addition of these 

elements, ANI-2x also improved on previous version’s ability to better predict molecular torsion 

profiles, which is significantly applicable to drug development.38 

2.4 ReaxFF 

Mentioned previously, large-scale atomistic simulations can benefit from using classical 

force fields and applying them as pairwise functions between atoms using an interatomic 

potential.37,38 Reactive force field (ReaxFF) uses 2 relationships between atoms to achieve this: 

between bond distance and bond order (number of bonding pairs of electrons between two 

atoms), as well as between bond order and bond energy.48 ReaxFF utilizes this to create an 

interatomic potential that leads to proper dissociation of bonds to separated atoms.48 This 

model shows similar accuracy to a popular semi-empirical quantum calculation method, PM3, 

while being about 100 times faster than PM3 and about 10,000 times faster than ab initio 

calculations. 

2.5 Python 

Python is a programming language that is used for general purposes, which is oriented 

to enable the construction of clear, logical applications to both large and small tasks.49 Python 

has integrated well with computational chemistry, with libraries dedicated to the subject such 

as Atomic Simulation Environment (ASE).40 ASE focuses on setting up, manipulating, running, 

visualizing, and analyzing chemical simulations.40 Python is also supported by Jupyter Notebook 

which is a free, open-source, interactive web-browser based computational notebook which is 
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well-utilized by data scientists and other researchers alike.50 The format of the notebook 

encourages the creation of easy-to-read code which can also function as a manual.50 This 

interactive mode of working with large amounts of chemical data meshes well with pandas, a 

python package that is designed to allow ease of working with relational or labeled data.51 

PURPOSE 

This project aims to create computational infrastructure that can be used to better 

understand the pyrolysis reaction pathway in the case of triglycerides. The ANI potential 

(version ANI-2x) will be evaluated in its ability to model known pathways of pyrolysis of 

triglycerides. These aims will be achieved through monitoring of bonds breaking and forming in 

a pyrolysis simulation and comparing ANI calculated bond dissociation energies of common 

triglyceride pyrolysis products to experimental literature values. Optimally, the ANI potential 

will be proved accurate, and the simulation results will allow the identification of reaction 

conditions that will optimize the hydrocarbon content in the products of pyrolyzing soybean oil. 

If this is achieved, the next step could be subjecting the reaction conditions to experimental 

studies. 
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METHODS 

3.1 Creation of Samples 

Simplified molecular-input line-entry system (SMILES) was used to textually assemble 

TGs, as it allows molecules to be expressed in the form of plain text in a condensed form 

without the explicit representation of implicit hydrogens (e. g. CCCC is the SMILES 

representation for butane, C4H10).52 Python code was written to create the SMILES text for TGs 

and this text was, ultimately, used to create an ensemble of 6400 molecules (100 runs of 64 

TGs).  

For each TG string, now part of the ensemble, the python code used Open Babel, a 

cheminformatics conversion tool, to create three dimensional geometry files (.xyz format) of 

each TG from SMILES format.53 The geometry files used Open Babel’s fast forcefield 

optimization tool to generate a stable conformer.53 ASE was used to read each geometry file 

and assemble them into a nanoreactor containing 64 TGs (Figure 3.1).40 This procedure was 

repeated 100 times to produce the ensemble of 6400 individual TGs. 

 

Figure 3.1 Demonstration of SMILES code being converted into three-dimensional 
triglycerides. Repeated for 64 triglycerides and combined into a master cell (right).  
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3.2 Running Dynamics and Extracting Data 

The 100 master geometry files were then subjected to Langevin dynamics at 2,000K 

(temperature to see bond breakages or formations in roughly two-thirds of triglycerides) for 

10,000 steps with a timestep of 1 femtosecond and an ASE friction coefficient of 0.019645 fs-1 

(near the center of the typical range of friction coefficients) using ANI-2x as the potential. The 

script then created a trajectory file, a movie of 10,000 geometry files. 

After molecular dynamics was completed for each nanoreactor (64 TGs), the script split 

the total trajectory into its component trajectories for each TG within. This was performed for 

ease of analysis. Each frame of every TG trajectory was scanned by the script for changes in 

bonding, either a breakage or a formation of a bond. All results were compiled into a master 

spreadsheet containing four pieces of information for each change in bonding (event), whether 

it is a break or formation, the two atoms involved, and the timestep at which the change took 

place.  

3.3 Bond Dissociation Energy Calculations 

Bond dissociation energies (BDEs) were calculated four times, once per version available 

of the ANI potential (ANI-1x, ANI-1ccx, and ANI-2x), and once using ReaxFF as the potential. The 

calculated BDEs were compared with the literature values for the BDEs. The signed and 

unsigned differences between the potential calculated BDEs and the literature BDEs for each 

general category of reaction (C-H, C-C, C-X) were used to calculate the mean unsigned deviation 

(MUSD), mean signed deviation (MSD), and the root-mean-squared deviation (RMSD).  
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RESULTS AND DISCUSSION 

4.1 The Variable Identity of the Triglyceride 

Oils and fats are complex mixtures of many TGs, each composed of a glycerol backbone 

and three fatty acids. The fatty acids can vary in identity. That is, TGs in these mixtures can be 

composed of various fatty acid residues and can mix or match the residues depending on the 

source. For example, soybean oil contains a higher proportion of saturated fatty acid residues 

(i.e. palmitic and stearic acid) than canola oil. The general form of a TG can be seen in Figure 4.1 

along with the R, R’, and R’’ groups representing the fatty acid residues (shown below the 

glycerol backbone). Palmitic acid and stearic acid’s R groups, the first fatty acid residues shown, 

are made up of 15 sp3 hybridized carbons and 17 sp3 hybridized carbons, respectively. The oleic, 

linoleic, and linolenic acid residues all contain 17 carbons, however, each of them contains at 

least one unsaturation. Oleic acid, linoleic acid, and linolenic acid residues contain 2 sp2 

hybridized, 4 sp2 hybridized, and 6 sp2 hybridized carbons, respectively. Below the previously 

mentioned residues, the fatty acid residues of cis-11-eicosenoic acid and erucic acid are shown 

which make up a minor component of canola oil. The cis-11-eicosenoic acid residue contains 19 

carbons, with 2 of them being sp2 hybridized. The erucic acid residue contains two more 

carbons than cis-11-eicosenoic acid, and the same amount of sp2 hybridized carbons.  

In a study that obtained refined soybean oil from Ag Processing Inc (AGP®), they found 

that their soybean oil contained, by weight, 11.5% palmitic acid chains, 4% stearic acid chains, 

24.5% oleic acid chains, 53% linoleic acid chains, and 7% linolenic acid chains.23 
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Figure 4.1 Structural representations of the glycerol backbone (top) and the fatty acid 
residues that can be found on the R, R’, and R’’ groups of the glycerol in soybean oil (top five 
shown fatty acid residues) and canola oil (all shown fatty acid residues). 
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This contrasts with the same study’s data on canola oil, with the makeup by weight 

being 4% palmitic acid chains, 2% stearic acid chains, 60% oleic acid chains, 20% linoleic acid 

chains, and 10% linolenic acid chains. Additionally, canola oil contains residues of two fatty 

acids that are negligible or 0% in their soybean oil, cis-11-eicosenoic acid and erucic acid.23 

These fatty acid chains made up their weight of canola oil at 2% and 0.2%, respectively.23 The 

weight percentages for all fatty acids in soybean oil were converted to their equivalent 

percentages by number, which is more applicable to nanoscale computation. The percentages 

for residues of palmitic acid, stearic acid, oleic acid, linoleic acid, and linolenic acid in soybean 

oil were converted to approximately 12.5%, 3.9%, 24.1%, 52.5%, and 7%, respectively.  

The creation of a representative fraction of soybean oil was the first hurdle of this study. 

To assemble an ensemble of triglycerides to reflect the experimental makeup of soybean oil, we 

needed to find an approach that would be easy to automate. During this step of the research, 

we designated SMILES as the simplest way to connect fatty acid arms to glycerol backbones 

before the SMILES codes were converted into a three-dimensional file. Initially, when creating 

the first ensemble, 640 TGs was deemed a large enough data set to begin data analysis. We 

continued to add data to this ensemble, ultimately incorporating 6400 TGs. The fatty acid 

makeup of the 6400 TGs is shown in Table 1.  
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Table 1. Percentages of fatty acid residues in soybean oil and canola oil. Both weight 
percentages were taken from reference 22. Percentages of fatty acid residues by absolute 
number in soybean oil was converted from mass percent using molar mass. 

Fatty Acid 
Residue 

Fatty 
Acid 

Molar 
Mass 

(g/mol) 

Referenced 
Soybean Oil % 

Weight 
(Approx) 

Referenced 
Canola Oil % 

Weight 
(Approx) 

Referenced 
Soybean Oil 

Converted to 
% Number  

This Study’s 
Sample of 

Soybean Oil 
% Number 
(6400 TGs) 

Palmitic 256.43 11.5 4 12.5 12.0 

Stearic 284.48 4 2 3.9 3.0 

Oleic 282.46 24.5 60 24.1 22.7 

Linoleic 280.45 53 20 52.5 56.4 

Linolenic 278.43 7 10 7 5.8 

Cis-11-
eicosenoic 

310.51 0 2 0 0 

Erucic 338.57 0 0.2 0 0 
 

 

 

4.2 The Indexing of Atoms 

The Jupyter Notebook that previously analyzed each frame of the molecular dynamics to 

find events used atomic index to denote which atoms were involved in an event. The atomic 

indices were defined when the master geometry files were split into individual geometry files 

and loaded into ASE.40 A numbered (or indexed) TG containing a linolenic acid residue for arm 

1, a linoleic acid residue for arm 2, and an oleic acid residue for arm 3 can be seen in Figure 4.2. 

The red spheres refer to oxygen atoms, the dark grey spheres carbon atoms, and the light grey 

spheres hydrogen atoms. It should be noted that the bends in the hydrocarbon portions of the 

triglyceride are due to the cis unsaturations. 
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Figure 4.2 Three-dimensional view of a numbered triglyceride with a linolenic acid residue for 
arm 1, a linoleic acid residue for arm 2, and an oleic acid residue for arm 3. The atomic indices 
can be seen in the center of each atom representation. Atomic Simulation Environment’s 
graphical user interface (ASE GUI) is used to view this molecule.40 

 

Since TGs possess different numbers of atoms, two atoms with the same index from two 

different triglycerides were not necessarily in the same position relative to the glycerol 

backbone. In other words, any arm identity change would lead to a domino effect in which 

every atomic index assignment after the change would also include a shift of index number. 

Thus, we sought a general list of atomic indices to compare between locations. The 
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metaphorical line of dominos can be seen in Figure 4.3, with the highlighted boxes representing 

indices that are directly assigned based on the fatty acid identity.  

 

 

Figure 4.3 The order of the atomic index assignments for atoms in a TG with those areas that 
vary directly due to FA identity highlighted. Any change to the number of atoms at any point 
has a domino effect, shifting all numbers after.  

 

An example of this is the atomic indices of a fatty acid residue in the arm 3 position 

being translated into atomic indices as if it were in the arm 1 position, would require 

incorporating the identity of both arm 1 and arm 2 as they would both shift the indices of arm 3 

by a predictable amount. The atomic indices of heavy atoms in linoleic acid can be seen in 

Figure 4.4. 
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Figure 4.4 General atomic indices of heavy atoms in linoleic acid.  

 

Allowing variability in TGs also led to issues in quantifying events that had taken place in 

a run. This meant that the data created by a run and analysis of a run needed extra 

manipulation to become interpretable data. The fatty acid residues were treated as 

independent of the other two arms of the triglyceride since other unpublished work by Siebert 

and Saquer suggested that intermolecular reaction was limited on the timescale of simulation 

found in this work. The implication of this is that any analysis that is compared to literature data 

of fatty acids alone, or a simple fatty acid ester (i.e. fatty acid methyl esters found in biodiesel) 

will not consider inter-arm events or interactions. Inter-arm events are not commonplace in 

these pyrolysis simulations but are nonzero so should be noted. 
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4.3 The Identification of Statistically Significant Events 

After each event’s atomic indices were translated into the general atomic indices form 

of their corresponding fatty acid residue, raw counts of events of each pairing of atomic indices 

were tallied. Each fatty acid residue held a tally for formation of bonds between two atoms and 

another tally for the breakage of bonds between two atoms. This information was consolidated 

into matrices using the master atomic indices. The raw counts for each bond were then 

converted to a proportion of an event of the specific type being between the two atoms in 

question (𝑃(𝑖)), using Equation 6.  

𝑃(𝑖) =
𝑛𝑖

𝑛𝑜𝑏𝑠
 ∙ 100 (6) 

With 𝑛𝑖  representing the occurrences of event 𝑖 taking place, and 𝑛𝑜𝑏𝑠 representing 

occurrences of all events of that type (i.e. breakages in linoleic acid residues). The percentages 

were tested for statistical significance, by determining the variance using Equation 7.54 

𝜎 = 1.96√
𝑃(𝑖)∙𝑃(≠𝑖)

𝑛𝑜𝑏𝑠
 (7) 

With 𝜎 representing variance, 𝑃(≠ 𝑖) representing the proportion of all events that are 

not event 𝑖, and 1.96 being the constant for the 95% confidence interval. The events with 𝑃(𝑖) 

greater than 𝜎 were considered statistically significant and included in further analysis.54 

 

4.4 The Assessment of Fatty Acid Bond Breakage and Formations in Nanoreactor Simulations 

We will begin the assessment with a few different viewpoints of what took place 

between timestep 0 and timestep 10000. This assessment will include analysis of initial 

breakages (closest analog to BDE evaluation), overall breakages and formations found in the 
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simulations, and sequences of events that will represent pathways of reactions. The different 

types of data for a given fatty acid will all be combined into one section, totaling five sections. 

Covalent bonds containing only carbon and/or oxygen will be referred to as heavy bonds 

and covalent bonds containing one carbon/oxygen and one hydrogen will be referred to as 

hydrogen-heavy bonds. It should be noted that every hydrogen-heavy bond that will combine 

counts of chemically equivalent hydrogen atoms. In other words, the two hydrogens (atom 18 

and atom 19) on the alpha carbon of palmitic acid residues are combined in data as just atom 

18. Bonds in these diagrams will be referred to in shorthand such that the bond between atom 

1 and atom 3 is bond 1-3.  

While it is equally important to assess the results of every fatty acid residue, the 

strongest assessment will be toward the linoleic acid and oleic acid as they occur the greatest 

number of times in the dataset. Using conventional wisdom when addressing bond breakages, 

the bonds with the highest breakage frequency, without external influences, should be those 

with the lowest BDEs. This can be equated to molecular dynamics most accurately by only 

considering breakages that occur before any other events. Bar graphs containing raw counts of 

initial bond breakage as well as literature calculated BDEs can be seen in the sections for oleic 

and linoleic acid.55  

Each fatty acid includes a two-dimensional diagram with arrows pointing to statistically 

significant breakages and a two-dimensional diagram for bond formations in the same format. 

As well as displaying the percentage of the event near the arrow pointing to the bond, the 

variance can also be seen as a ± percent and was calculated at the 95% confidence interval 

(coefficient of 1.96) using Equation 7. The hydrogen-heavy formation diagrams specifically have 
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unique labels on arrows pointing to formed bonds with hydrogens, with the labels following the 

format “3 - x.x% ± x.x%”, which represents the hydrogen that has broken off from atom 3 and 

formed the bond at which the arrow points. An important aspect when reading these graphs is 

to consider that the statistically significant events are aggregate totals throughout molecular 

dynamics simulation. This is important because events are dependent on one another and can 

create sequences of events that would not be otherwise seen in a bond dissociation energy-

oriented dataset. 

The two-dimensional diagrams are followed by digraphs. Digraphs, short for directed 

graphs, are effectively forms of flow charts made up of nodes (events) connected by edges 

(arrows between events). Each node indicates an event that has happened in their respective 

type (breaking or forming, denoted by b or f, respectively) and the previous events. This can be 

interpreted as instructions for a mechanistic pathway. In the center of the digraph lies a “start” 

node, indicating the original structure of the fatty acid residue. Every node besides the start 

indicates the atomic indices of an event, with the edge between the nodes having a counter in 

the middle edge that indicates the number of times that edge has been traversed. Unlike bond 

breakage diagrams, chemically equivalent hydrogens are not combined in digraphs. An example 

of a digraph applied to the competition between SN1, SN2, E1 and E2 is seen in Figure 4.5. The 

reaction pathways can be seen at the top, and the digraph corresponding to those reaction 

pathways can be seen below them. 
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Figure 4.5 Example of the usage of directed graphs (digraphs). Four types of example reactions 
are included above, SN1, SN2, E1 and E2. The digraph for the breakage of each reaction is seen 
in the bottom left. The numbers in the format (1, 1, 1) refer to the specific pathway, ordered 
by the most common pathway. In this case, only pathway 1 is more common than any other 
pathway. 

The digraph can be interpreted as follows: The start node in the top right of the 

breakage digraph is connected to three nodes, [2, 5, b], [9, 18, f], and [2, 17, f]. This indicates 
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the breakage of the bond between bond 2-5 (halogen leaving), the formation of the bond 9-18 

(proton transfer), and the formation of the bond 2-17 (S N2 backside attack). The nodes 

branching from the “start” node are connected to secondary nodes, indicating subsequent 

events. The notation of 1, 1 refers to the first subsequent event from the first event connected 

to the “start” node. An example of this is pathway 1, 1, 1 which is the breakage of 2-5 (halogen 

leaving, “1”), followed by the formation of 9-19 (formation of water, “1, 1”), nearly 

simultaneously followed by the water leaving via the breakage of bond 1-9 (“1, 1, 1”). 

Each statistically significant event was then created as a node in a digraph for each fatty 

acid, allowing for sequences of events to describe reaction pathways. An exception for this is 

the digraph of linoleic acid, which required the pruning of nodes under 16 events due to the 

large volume of data. Nodes were only displayed for those that were a part of a reaction 

pathway. 

The order of the fatty acids presented are ordered identically to how they were 

mentioned when demonstrating the percentage makeup of soybean oil, which follows an 

‘increasing in complexity’ pattern, seen in Table 2. 

Table 2. Ordering of presentation of fatty acid residues, demonstrating the increase in 
complexity due to increase in carbon number and carbon-carbon double bonds. 

Order of 
Presentation 

Fatty Acid Residue Number of Carbon 
Atoms 

Carbon-Carbon 
Double Bonds 

1 Palmitic 16 0 

2 Stearic 18 0 

3 Oleic 18 1 

4 Linoleic 18 2 

5 Linolenic 18 3 
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Palmitic 

The bond event diagrams and digraph for palmitic acid can be seen in Figure 4.6 and 

Figure 4.7, respectively. The digraph mechanisms can be seen in be seen in Figure 4.8, Figure 

4.9, Figure 4.10, Figure 4.11, Figure 4.12, and Figure 4.13. 

 

Figure 4.6 Two-dimensional bond breakage and formation diagrams for palmitic acid. 
Structure 1A represents the breakage of heavy-heavy bonds, structure 1B represents the 
breakage of hydrogen-heavy bonds, and 1C represents the formation of hydrogen-heavy 
bonds. 
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Figure 4.7 Digraph for palmitic acid. 
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Figure 4.8 Pathway 1, 1 for palmitic acid. The breakage of 1-3 occurs followed by the breakage 
of 4-5. 
 

 

Figure 4.9 Pathway 1, 2 for palmitic acid. The breakage of 1-3 occurs followed by the 
formation of 3-20. The breakage of 4-20 is implied. 
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Figure 4.10 Pathway 1, 3 for palmitic acid. The breakage of 1-3 occurs followed by the 
breakage of 4-20. 

 

Figure 4.11 Pathway 2, 1, 1 and 4, 1, 1 for palmitic acid. The two pathways are identical, 
indicated by the notation 2/4, 1, 1. The breakage of 6-24/6-25 occurs followed by the 
breakage of 1-3 and the formation of 3-24/3-25. 
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Figure 4.12 Pathway 3, 1, 1 for palmitic acid. The breakage of 7-26 occurs followed by the 
breakage of 1-3 and the formation of 3-26. 

 

Figure 4.13 Pathway 5, 1 for palmitic acid. The breakage of 1-2 occurs followed by the 
breakage of 3-5. This, however, cannot be displayed due to 3-5 not existing in the initial fatty 
acid. 
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Stearic 

The bond event diagrams and digraph for stearic acid can be seen in Figure 4.14 and 

Figure 4.15, respectively. The digraph mechanism can be seen in be seen in Figure 4.16. 

 

Figure 4.14 Two-dimensional bond breakage and formation diagrams for stearic acid. Structure 
2A represents the breakage of heavy-heavy bonds, structure 2B represents the breakage of 
hydrogen-heavy bonds, and 2C represents the formation of hydrogen-heavy bonds. 
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Figure 4.15 Digraph for stearic acid. 
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Figure 4.16 Pathway 1, 1 for stearic acid. The breakage of 4-22 occurs and is followed by the 
breakage of 1-3. 
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Oleic 

The initial breakage versus bond dissociation energy diagrams for oleic acid can be seen 

in Figure 4.17 and 4.18. The bond event diagrams and digraph for oleic acid can be seen in 

Figure 4.19 and Figure 4.20, respectively. The digraph mechanisms can be seen in be seen in 

Figure 4.21, Figure 4.22, Figure 4.23, Figure 4.24, Figure 4.25, and Figure 4.26. 

 

Figure 4.17 Initial breakages in oleic acid versus oleic acid BDEs for heavy-heavy bonds in a bar 
chart. The left side represents the raw counts of the heavy-heavy bond being the first breakage 
of a given oleic acid in the molecular dynamics run. The right side represents the literature 
calculated values from density functional theory (M06-2X/6-31+G(d,p)) in kcal/mol.55,56  
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Figure 4.18 Initial breakages in oleic acid versus oleic acid BDEs for hydrogen-heavy bonds in a bar 
chart. The left side represents the raw counts of the hydrogen-heavy bond being the first breakage 
of a given oleic acid in the molecular dynamics run. The right side represents the literature 
calculated values from density functional theory (M06-2X/6-31+G(d,p)) in kcal/mol.55,56  
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Figure 4.19 Two-dimensional bond breakage and formation diagrams for oleic acid. Structure 3A 
represents the breakage of heavy-heavy bonds, structure 3B represents the breakage of hydrogen-
heavy bonds, 3C represents the formation of heavy-heavy bonds, and 3D represents the formation 
of hydrogen-heavy bonds. 
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Figure 4.20 Digraph for oleic acid. 
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Figure 4.21 Pathway 1, 1 for oleic acid. The breakage of 1-3 occurs and is followed by the 
breakage of 4-5. 

 

Figure 4.22 Pathway 1, 2 for oleic acid. The breakage of 1-3 occurs and is followed by the 
formation of 3-22. The breakage of 4-22 is implied. 
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Figure 4.23 Pathway 1, 3 for oleic acid. The breakage of 1-3 occurs and is followed by the 
breakage of 7-28. 
 

 

Figure 4.24 Pathway 2, 1, 1 for oleic acid. The breakage of 7-28 occurs and is followed by the 
breakage of 1-3 before the formation of 3-28. 
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Figure 4.25 Pathway 3, 1, 1 for oleic acid. The breakage of 6-26 occurs and is followed by the 
breakage of 1-3 before the formation of 3-28. 
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Figure 4.26 Pathway 4, 1, 1 for oleic acid. The breakage of 4-23 occurs and is followed by the 
breakage of 1-3 before the formation of 3-23. 
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Linoleic 

The initial breakage versus bond dissociation energy diagrams for linoleic acid can be seen 

in Figure 4.27 and 4.28. The bond event diagrams and digraph for oleic acid can be seen in Figure 

4.29 and Figure 4.30, respectively. The digraph mechanisms can be seen in be seen in Figure 4.31, 

Figure 4.32, Figure 4.33, Figure 4.34, Figure 4.35, and Figure 4.36. 

 

Figure 4.27 Initial breakages in linoleic acid versus linoleic acid BDEs for heavy-heavy bonds 
in a bar chart. The left side represents the raw counts of the heavy-heavy bond being the 
first breakage of a given linoleic acid in the molecular dynamics run. The right side 
represents the literature calculated values from density functional theory (M06-2X/6-
31+G(d,p)) in kcal/mol.55,56  
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Figure 4.28 Initial breakages in linoleic acid versus linoleic acid BDEs for hydrogen-heavy 
bonds in a bar chart. The left side represents the raw counts of the hydrogen-heavy bond 
being the first breakage of a given linoleic acid in the molecular dynamics run. The right side 
represents the literature calculated values from density functional theory (M06-2X/6-
31+G(d,p)) in kcal/mol.55,56  

050100150200250

0 20 40 60 80 100 120 140

3-20

4-22

5-24

6-26

7-28

8-30

9-32

10-34

11-35

12-36

13-38

14-39

15-40

16-42

17-44

18-46

19-48

Literature Computed BDE (kcal/mol)

Initial Bond Breakage Counts

H
ea

vy
-H

ea
vy

 B
o

n
d

Initial Bond Breakage Counts and Literature Computed BDE 
for Hydrogen-Heavy Bonds in Linoleic Acid

Counts of Initial Bond Breakage Literature Computed BDE (kcal/mol)



54 

 

Figure 4.29 Two-dimensional bond breakage and formation diagrams for linoleic acid. 4A represents 
the breakage of heavy-heavy bonds, structure 4B represents the breakage of hydrogen-heavy 
bonds, 4C represents the formation of heavy-heavy bonds, and 4D represents the formation of 
hydrogen-heavy bonds. 
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Figure 4.30 Digraph for linoleic acid. 
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Figure 4.31 Pathway 1, 1 for linoleic acid. The breakage of 1-3 occurs before the breakage of 4-5. 
 

 

Figure 4.32 Pathway 1, 2 for linoleic acid. The breakage of 1-3 occurs before the formation of 3-
23. The breakage of 4-23 is implied. 
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Figure 4.33 Pathway 2, 1, 1 and 3, 1, 1 for linoleic acid. The two pathways are identical, indicated 
by the notation 2/3, 1, 1. The breakage of 7-29/7-28 occurs before the breakage of 1-3, followed 
by the formation of 3-28/3-29. 
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Figure 4.34 Pathway 4, 1 for linoleic acid. The breakage of 6-26 occurs before the breakage of 1-
3. 
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Figure 4.35 Pathway 5, 1, 1 for linoleic acid. The breakage of 4-23 occurs before the breakage 
of 1-3, followed by the formation of 3-23. 
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Figure 4.36 Pathway 6, 1 for linoleic acid. The formation of 11-13 occurs before the breakage of 
11-13. It should be noted that other events may have occurred before the formation of 11-13, so 
an exceeded valence shell may not actually be observed. 
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Linolenic 

The bond event diagrams and digraph for oleic acid can be seen in Figure 4.37 and Figure 

4.38, respectively. The digraph mechanisms can be seen in be seen in Figure 4.39 and Figure 

4.40. 

 

Figure 4.37 Two-dimensional bond breakage and formation diagrams for linolenic acid. 5A 
represents the breakage of heavy-heavy bonds, structure 5B represents the breakage of 
hydrogen-heavy bonds, 5C represents the formation of heavy-heavy bonds, and 5D represents 
the formation of hydrogen-heavy bonds. 
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Figure 4.38 Digraph for linolenic acid. 
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Figure 4.39 Pathway 1, 1 for linolenic acid. The breakage of 1-3 occurs before the breakage of 4-5. 
 

 

Figure 4.40 Pathway 2, 1 for linolenic acid. The formation of 14-16 occurs before the breakage of 
14-16. It should be noted that other events may have occurred before the formation of 11-13, so 
an exceeded valence shell may not actually be observed. 
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The breakage of 1-3 has been shown to be the most common breakage by nearly one 

magnitude, which can be seen in structure A of Figures 4.6, 4.14, 4.19, 4.29, and 4.37. This may 

be due to the unrecorded events in the glycerol backbone which, in tandem with the breakage 

of 1-3, may form CO2 in pathways seen in Figure 1.8. Pathways 1a shows the breakage of a 

glycerol carbon (no atomic index assigned) bond with the ester oxygen (atom 0) and 2a shows 

the breakage of 1-3. This explanation would also apply to other increased breakages near the 

glycerol backbone, such as 0-1, which breaks relatively frequently compared to other carbon-

carbon bonds despite being sp2 hybridized. 

Though only including initial breakages in Figures 4.17, 4.18, 4.27, and 4.28 were 

intended to circumvent the issue of recording bond breakages that are dependent on other 

events, the issue still exists with the breakage of bonds near the glycerol backbone as the 

glycerol backbone events were not recorded in these initial counts. As bonds get farther away 

from the glycerol backbone, the expected results (from BDE values) are more frequently 

observed. This is contrary to the bonds near the glycerol backbone (mostly 0-1, 1-2, and 1-3) 

with much more breakages than expected given relatively high BDE values. The linear trendline 

and R2 values for each initial breakage versus BDE plot can be seen in Table 3. 

For heavy-hydrogen bonds, bond 7-28 for both oleic and linoleic acid is the most broken 

bond. This is, perhaps, due to the same reason as previously mentioned, events in the glycerol 

backbone. As can be seen in Figures 4.23 and 4.33, the breakage of 7-28 occurs frequently in 

tandem with the breakage of 1-3, in order to form 3-28. Due to these circumstances, 
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information of events in the glycerol backbone would help a great deal in explaining the most 

common events observed in this work. 

Table 3. Trendline equations and correlation coefficients for initial breakage counts versus BDE 
plot. See Appendix for plots. 

Fatty acid Initial breakage (y) 
versus BDE (x) of… 

Linear trendline equation Linear trendline R2 

Oleic acid Heavy-heavy bonds  y = -0.0132x + 45.48 0.000005 

Hydrogen-heavy bonds y = -0.7749x + 91.01 0.103050 

Linoleic acid Heavy-heavy bonds y = -0.4532x + 137.13 0.002031 

Hydrogen-heavy bonds y = -2.3292x + 260.89 0.471888 

 

Figure 4.41 demonstrates a flowchart can be seen that demonstrates the data pipeline 

for the molecular dynamics simulations. The bond dissociation energy data was not included in 

this pipeline as it was not required to create digraphs or bond event diagrams. This was created 

for ease of understanding the process of changing one triglyceride into interpretable 

mechanistic pathways. The bubbles in the chart are representative of the current form of the 

data, and the arrows in the chart are representative of the processing applied to that data. 

Note that the digraph bubble ultimately turns into a large number of chemdraw sketches, in 

order to make the nodes more easily interpretable to the audience. 
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Figure 4.41 Flowchart demonstrating the data pipeline for molecular dynamics of triglycerides. 
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4.5 Bond Dissociation Energy Analysis 

BDEs represent the strength of a chemical bond and can be defined by the difference 

between the enthalpies of the unbonded and the bonded fragment radicals. This energy can be 

represented by graphs such as Figure 2.1, of which the BDE (in the gas phase) is equal to the 

difference between the minimum of the graph (energy of the bonded pair) and lim
𝑟→∞

𝑓(𝑟) 

(energy of the unbonded pair). BDEs were then calculated for homolytic bond cleavage of 

common hydrocarbons and other common molecules that would be encountered in biodiesel 

pyrolysis simulations, with a geometry file for each molecule taken from a paper by Missouri 

State alumnus Zachary Wilson.55,56 This was performed by calculating potential energy for the 

geometry optimized products (𝑈𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠) and the potential energy for the geometry optimized 

reactant (𝑈𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡), and subtracting the energy of the reactant from the energy of the 

products (Equation 6). 

𝐵𝐷𝐸 = 𝑈𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 − 𝑈𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡 (6) 

The mean-signed deviation (MSD, Equation 7), mean-unsigned deviation (MUSD, 

Equation 8), and root-mean-squared deviation (RMSD, Equation 9) were calculated for each 

table of reactions. 𝑛 represents the number of reactions in the table, 𝐵𝐷𝐸̂𝑖 represents the 

literature experimental bond dissociation energy of reaction 𝑖, and 𝐵𝐷𝐸𝑖 represents the 

calculated bond dissociation energy of reaction 𝑖.55,57,58 

𝑀𝑆𝐷 =
1

𝑛
∑ 𝐵𝐷𝐸̂𝑖 − 𝐵𝐷𝐸𝑖

𝑛
𝑖=1  (7) 

𝑀𝑈𝑆𝐷 =
1

𝑛
∑ |𝐵𝐷𝐸̂𝑖 − 𝐵𝐷𝐸𝑖|

𝑛
𝑖=1  (8) 

𝑅𝑀𝑆𝐷 = √
1

𝑛
∑ (𝐵𝐷𝐸̂𝑖 − 𝐵𝐷𝐸𝑖)

2𝑛
𝑖=1  (9) 
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The BDE values for homolytic C-H bond cleavage of alkanes can be seen in Table 4, 

alkenes to form vinylic radicals in Table 5, and alkenes to form allylic radicals in Table 6. 

Additionally, Table 7 shows the BDE values of C-H bonds in alkenes to form homoallylic radicals. 

Table 4. Bond dissociation energies for homolytic C-H bond cleavage of common 
alkanes.55,57,58 

Reactant 

Product BDE (kcal/mol) 

1 2 Literature  ANI-
1x  

ANI-
1ccx  

ANI-2x 
 

ReaxFF 
 

Methane

 
 

 

104.9 11.1 12.5 176.9 107.4 

Ethane

 

  

100.8 32.9 29.0 88.0 117.7 

Propane 

 

 
 

101.3 43.3 36.4 98.5 67.3 

Propane

 
 

 

98.4 43.4 30.5 80.9 113.7 

Butane

 
  

100.91 43.8 37.4 97.7 71.6 

Butane

 
  

98.69 37.9 27.3 83.5 91.1 

Pentane

 
 

 

97.98 36.9 32.3 92.8 77.6 

Pentane

 
 

 

94.48 40.8 28.4 83.2 84.2 

Hexane

 
 

 

95 39.7 28.0 83.1 57.1 

Heptane

 
 

 

94.92 39.3 27.9 83.0 91.8 
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Table 5. Bond dissociation energies for homolytic C-H bond cleavage of common alkenes 
leading to the formation of vinylic radicals.55,57,58 

Reactant 

Product BDE (kcal/mol) 

1 2 Literature  ANI-1x  ANI-
1ccx  

ANI-2x 
 

ReaxFF 
 

Ethylene

 
  

110.53 43.4 42.4 97.1 100.8 

Propene

   

111.18 68.7 52.1 117.1 100.1 

Table 6. Bond dissociation energies for homolytic C-H bond cleavage of common alkenes 
leading to the formation of allylic radicals.55,57,58 

Reactant 

Product BDE (kcal/mol) 

1 2 Literature  ANI-1x  ANI-
1ccx  

ANI-2x 
 

ReaxFF 
 

Propene

 
  

87.44 17.3 14.3 75.4 32.7 

1-butene

 
  

82.74 11.6 10.5 70.2 54.9 

(Z)-2-
butene

 

 
 

87.35 16.9 14.8 73.4 26.1 

1-pentene

 
  

82.95 12.1 11.0 71.4 30.0 

1,4-
pentadiene

 

 
 

77.28 4.3 3.8 63.7 -6.9 

(Z)-2-
pentene

 

 
 

81.6 15.4 14.1 70.5 36.7 

1-hexene

  
 

83.6 12.1 11.2 71.6 6.4 

1-octene

 
 

 

83.4 12.2 11.3 71.7 31.5 

2-octene

   

81.9 16.6 15.5 71.6 28.8 
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Table 7. Bond dissociation energies for homolytic C-H bond cleavage of common alkenes 
leading to the formation of homoallylic radicals.55,57,58 

Reactant 

Product BDE (kcal/mol) 

1 2 Literature  ANI-1x  ANI-
1ccx  

ANI-2x 
 

ReaxFF 
 

1-butene

 
  

98.1 44.1 37.2 98.3 75.7 

 
 

The BDE values for homolytic C-C bond cleavage of alkanes can be seen in Table 8, 

values for a wide variety of C-C bond cleavage in alkenes in Table 9, and values for other 

relevant compounds (ethers) in Table 10. 

Table 8. Bond dissociation energies for homolytic C-C bond cleavage of common 
alkanes.55,57,58 

Reactant 

Product BDE (kcal/mol) 

1 2 Literature  ANI-
1x  

ANI-
1ccx  

ANI-
2x 

 

ReaxFF 
 

Ethane

 

  
90.0 30.0 27.5 245.0 54.7 

Pentane

  
 

88.7 64.5 54.4 167.0 -15.1 

Pentane

  
 

87.7 87.5 71.9 80.3 -16.3 

Hexane

   

88.1 97.8 79.5 90.5 -62.0 

Nonane

 
 

 

84.2 92.4 76.7 84.3 -6.6 
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Table 9. Bond dissociation energies for homolytic C-C bond cleavage of common 
alkenes.55,57,58 

Reactant 

Products BDE (kcal/mol) 

1 2 Literature  ANI-
1x  

ANI-
1ccx  

ANI-
2x 

 

ReaxFF 
 

1-butene

 
 

 
99.6 90.8 79.9 82.3 47.7 

(Z)-2-
butene

 

 
 

100.6 91.3 70.1 188.1 32.7 

(Z)-2-
butene 

 

 
 

100.2 114.1 87.6 99.9 42.6 

1,4-
pentadiene

 

  85.7 74.5 64.9 69.1 -1.6 

1-hexene

 

 
 

74.3 71.4 56.9 67.2 -61.9 

1-octene

 
  70.8 65.2 52.8 61.5 1.6 

 

Table 10. Bond dissociation energies for homolytic bond cleavage of other relevant 
compounds.55,57,58 

Reactant 

Products BDE (kcal/mol) 

1 2 Literature  ANI-
1x  

ANI-
1ccx  

ANI-
2x 

 

ReaxFF 

Dimethyl Ether

 

  
84.1 40.8 35.2 150.2 52.3 

Methoxy-
propane

 

 
 

86.1 77.7 63.6 76.0 12.6 

Methoxy-
butane

 

 
 

84.4 41.5 35.7 152.2 45.6 
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The mean unsigned deviation, mean signed deviation, root-mean squared deviation, 

and percent error from the previous tables can be seen in Table 11, Table 12, Table 13, and 

Table 14, respectively. 

Table 11. Mean unsigned deviation for each potential.55,57,58 

Potential 

MUSD (kcal/mol) 

Overall Alkane 
C-H 

Vinylic 
=C-H 

Allylic 
C-H 

Homo-
allylic 
C-H 

Alkane 
C-C 

Mixed 
Alkene 

C-C 

C-X 

ANI-1x 46.1 61.8 54.8 70.0 54.0 20.5 8.6 31.5 

ANI-1ccx 52.6 69.8 63.5 71.3 60.8 25.7 19.8 40.0 

ANI-2x 22.7 16.4 9.67 12.1 0.175 48.7 23.0 48.0 

ReaxFF 50.7 17.7 10.4 56.4 22.4 96.8 78.3 48.0 

Table 12. Mean signed deviation for each potential.55,57,58 

Potential 

MSD (kcal/mol) 

Overall Alkane 
C-H 

Vinylic 
=C-H 

Allylic 
C-H 

Homo-
allylic 
C-H 

Alkane 
C-C 

Mixed 
Alkene 

C-C 

C-X 

ANI-1x -44.3 -61.8 -54.8 -70.0 -54.0 -13.3 -4.0 -31.5 

ANI-1ccx -52.6 -69.8 -63.5 -71.3 -60.8 -25.7 -19.8 -40.0 

ANI-2x 7.0 -2.0 -3.73 -12.07 0.175 45.7 6.2 41.3 

ReaxFF -48.8 -10.8 -10.42 -56.4 -22.4 -96.8 -78.3 -48.0 
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Table 13. Root-mean-squared deviation for each potential.55,57,58 

Potential 

RMSD (kcal/mol) 

Overall Alkane 
C-H 

Vinylic 
=C-H 

Allylic 
C-H 

Homo-
allylic 
C-H 

Alkane 
C-C 

Mixed 
Alkene 

C-C 

C-X 

ANI-1x 106.2 125.7 112.3 140.0 108.0 59.0 18.7 71.0 

ANI-1ccx 115.5 140.4 127.4 142.7 121.7 66.0 40.1 83.8 

ANI-2x 78.6 50.4 20.7 24.2 0.351 155.5 74.7 110.0 

ReaxFF 124.4 42.7 20.9 117.2 44.8 207.1 166.4 102.8 

 
 
 

Table 14. Percent error values for each potential.55,57,58 

Potential 

Percent Error (%) 

Overall Alkane 
C-H 

Vinylic 
=C-H 

Allylic 
C-H 

Homo-
allylic 
C-H 

Alkane 
C-C 

Mixed 
Alkene 

C-C 

C-X 

ANI-1x 50.6 62.4 49.5 84.3 55.0 23.0 9.5 37.3 

ANI-1ccx 57.7 70.6 57.3 85.9 62.0 28.9 22.6 47.3 

ANI-2x 25.0 16.3 8.7 14.5 0.2 54.4 24.4 56.9 

ReaxFF 58.8 18.0 9.4 68.2 22.8 110.6 93.3 56.4 
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CONCLUSION 

In an effort to develop tools to help us better understand the pathways of the pyrolysis 

of triglycerides derived from soybean oil, molecular dynamics was employed in the form of 

Langevin dynamics. ANAKIN-ME: Accurate NeurAl networK engINe for Molecular Energies (ANI-

2x) was used as the interatomic potential. To be able to validate the results from the molecular 

dynamics runs, various data representation techniques were employed to be contrasted with 

BDEs of bonds in oleic and linoleic acid determined by DFT calculations in previous work. 

Literature BDE values determined by experiment from various bonds in hydrocarbons were also 

contrasted with BDEs calculated using various potentials including ANI-2x.55 The molecular 

dynamics results were also contrasted with the proposed pathways, found by mass 

spectrometry in experimental work.23 ANI has been recognized as a step toward a “universal” 

transferable potential. However, ANI was trained to predict absolute electronic energies, not 

bond dissociation energies (as required herein). This work shows that ANI somewhat agrees 

with the expected outcome (R2 value ranging from near 0 to 0.4712 in Table 3)￼￼ The figures 

depicting the relationship between initial breakage counts and BDEs for oleic and linoleic acid 

(Figure 4.17, Figure 4.18, Figure 4.27, and Figure 4.28) show inverse correlation with the 

negative slopes seen in Table 3. However, bonds near the carbonyl (0-1, 1-2, and 1-3) deviate 

substantially from this trend. This could be caused by breakages near the glycerol backbone 

being influenced by events within glycerol that happened before the “initial events” that are 

presented in this work. For example, reaction 1a and reaction 2a in Figure 1.8 suggest that CO2 

formation is one of the two initial pathways. Due to this, an assumption can be made that the 

formation of CO2 causes the breakage of 1-3 to be a much more favorable breakage if the ester-
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glycerol bond was broken, versus a completely intact triglyceride or monoacylglycerol. With this 

limit acknowledged, ANI-2x appears to incorporate the gross expectations determined by BDE 

calculations and thermodynamic arguments.  

Due to the focus on FA reaction pathways, glycerol pathways were ignored. In future 

work, events should either consider the carbon in which the fatty acid is connected by an ester 

linkage or the glycerol backbone altogether. Following this, it would be beneficial to quantify 

final products produced categorized by fatty acid residue. Other future work to be done 

includes incorporating interatomic potentials to compare against ANI-2x. One ReaxFF version, 

initially used for combustion of an Illinois No. 6 coal char, may be a promising interatomic 

potential in the pyrolysis of triglycerides.48,59 The usage of LAMMPS (Large-scale Atomic-

Molecular Massively Parallel Simulator) instead of ASE in the future may be beneficial for ease 

of use with other interatomic potentials such as the previously mentioned ReaxFF potential.60 
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APPENDIX: SCATTER PLOTS OF INITIAL BREAKAGE COUNT VERSUS BDE 

 

 

 

Scatter plot representing initial breakage counts versus BDE (kcal/mol) of heavy-heavy bonds 
seen in oleic acid, with equation shown in Table 3. 
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Scatter plot representing initial breakage counts versus BDE (kcal/mol) of hydrogen-heavy 
bonds seen in oleic acid, with equation shown in Table 3. 

 

 

 

 

Scatter plot representing initial breakage counts versus BDE (kcal/mol) of heavy-heavy bonds 
seen in linoleic acid, with equation shown in Table 3. 
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Scatter plot representing initial breakage counts versus BDE (kcal/mol) of hydrogen-heavy 
bonds seen in linoleic acid, with equation shown in Table 3. 

 

y = -2.329169x + 260.888514
R² = 0.471888

0

10

20

30

40

50

60

70

80

90

100

0 20 40 60 80 100 120

In
it

ia
l B

re
ak

ag
e 

C
o

u
n

t

BDE (kcal/mol)


	Assessing Interatomic Potentials for Molecular Dynamics Simulation of Soybean Oil Pyrolysis
	Recommended Citation

	Missouri State University

