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1. INTRODUCTION 

Computational chemistry is an essential tool for understanding reaction mechanisms and transition states at the 

molecular level. It enables precise analysis of electronic structures and reaction pathways through quantum mechanical 

models. This study employs quantum computational methods, particularly Density Functional Theory (DFT), to 

characterize the thermodynamic and kinetic properties of chemical reactions [1]. The primary objective is to identify 

transition states, calculate activation energies, and gain deeper insights into reaction mechanisms using computational 

simulations. 

1.1 Basics of Reaction Mechanism  

• To understand chemical reactions, it is important to examine how the reaction progresses over time. This 

progression is often illustrated using a graph called the Potential Energy Surface (PES) (see Fig. 1). A key 

method for studying reaction pathways is the Intrinsic Reaction Coordinate (IRC), which traces the 

minimum-energy path from the transition state to the final products [2]. Some reactions require very little 

energy to occur, so when thermal effects are considered, the activation energy can become nearly zero. 

Although such transition states may appear insignificant, they play a critical role in explaining reaction 
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mechanisms. The IRC method, however, is less effective for reactions that lack a well-defined transition 

point, such as processes involving fragmentation or association. In these cases, multi-dimensional 

approaches are employed to explore possible reaction pathways. 

• The important steps in a reaction typically include: 

• Bond-breaking phase – initial molecular reorganization. 

• Bond-forming phase – formation of new bonds. 

• Van der Waals phase – adjustments of reactants to minimize repulsion. 

• Product stabilization phase – final structural relaxation. 

 

Reaction pathways can be analyzed by calculating reaction forces, which decompose the process based on changes 

in energy. A more detailed analysis considers the shape of the reaction path, allowing identification of critical changes 

in the electronic structure. Vibrational and translational contributions also influence reaction rates, and this information 

can be used to optimize reactions in specific ways [3]. In this study, Density Functional Theory (DFT) calculations at 

the B3LYP/6-31G(d,p) level were performed using the Gaussian 16 program to investigate reaction mechanisms. These 

calculations provide insights into key points along the reaction pathways, activation energies, and other important 

features that are valuable for designing improved catalysts and enhancing reaction efficiency. 

 

 
  

Fig1. A potential energy surface (PES) or energy landscape describes the energy of a system 

 

 

 

2. THE REACTION PHASE DIAGRAM AND CHEMICAL PREDICTIONS 

 

The Unified Reaction Valley Approach (URVA) has revolutionized our understanding of chemical reactions by 

providing a comprehensive and systematic analysis. Through URVA, key parameters such as the energy profile, 

reaction forces, geometric changes, internal strengths, vibrational modes, and reaction path dynamics can be examined 

in great detail [4]. The reaction path dynamics are directly related to changes in bond properties and polarizabilities of 

the reactants and products. For example, the stretching constants of bonds being broken or formed during a reaction 

influence the reaction path dynamics, which helps to identify and characterize the stages of the reaction [5].  

 

The investigation begins by examining the dynamics of the reaction path, with specific peaks revealing critical 

points within the reaction mechanism. These peaks correspond to different stages of the reaction, including reactant 

approach, bond cleavage, and product formation. By analyzing the reaction force and adiabatic force couplings, one can 
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predict how various molecular properties, such as bond strengths or polarizabilities, will influence the reaction 

mechanism. For example, a proton transfer reaction between a donor and an acceptor molecule can be studied using the 

reaction force profile, which reveals the sequence of atomic events. The bending of specific bonds, such as the O–C–S 

or H–O–C bending modes, can lead to bond cleavage during the reaction. Analysis of the reaction mechanism through 

reaction force profiles shows that the stages of the reaction and their associated energies can be modulated depending 

on the rigidity or flexibility of the involved molecular systems. These insights are crucial for predicting how different 

substituents on a molecule will affect reaction energetics. URVA has been applied to a range of reactions, including 

hydrogenation, cycloaddition, and chelotropic reactions, providing a comprehensive and systematic understanding of 

their mechanisms [6]. 

For example, the Diels–Alder reaction between ethene and butadiene follows a three-stage mechanism, with each 

stage corresponding to distinct atomic changes such as bond equalization, electron reorganization, and the formation of 

new bonds. The mechanism of symmetry-allowed pericyclic reactions, in particular, is characterized by a relatively low 

energy barrier, as the reaction proceeds through concerted changes within the electron density of the reaction complex. 

In contrast, symmetry-forbidden reactions, such as the cycloaddition of ethene and HF, exhibit more pronounced 

reaction force peaks and higher energy barriers. These reactions are more sensitive to the polarizing effects of the 

reactants, which influence the reaction path dynamics and energy requirements. Furthermore, URVA analysis can 

reveal hidden intermediates and transition states that may not be apparent from the energy profile alone. For instance, 

in a chelotropic cycloaddition reaction, hidden intermediates and transition states are identified by examining the 

reaction force profile, providing a detailed understanding of the stepwise events of the reaction [7]. 

Table 1: URVA Analysis Phases and Key Parameters 

Phase Key Description Related Parameters 

Phase 1 Reactant Deformation 
Reaction Path Curvature k(s), Adiabatic Curvature 

Coupling Coefficients ns 

Phase 2 
Bond Cleavage (e.g., O-H bond 

cleavage) 

Curvature Peaks K2, Normal Mode Coupling, 

Energy Profile E(s) 

Phase 3 
Product Formation (e.g., S-H 

bond formation) 

Curvature Peaks K3, Transition State, Reaction 

Force F(s) 

Phase 4 
Product Deformation and 

Stabilization 

Energy Profile E(s), Normal Mode Decomposition, 

Final Product Geometry 

 

3. MATHEMATICAL EQUATIONS OF URVA 

● Reaction Energy Profile: The energy profile E(s) is a function of the reaction path coordinate s: 

𝐸(𝑠) = 𝐸𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 + ∫ 𝐹(𝑠′) 𝑑𝑠′
𝑠

0

 

Where F(s') is the reaction force at a given point s' along the path. 
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● Reaction Force: The reaction force F(s) is the derivative of the energy profile with respect to the path 

coordinate s: 

𝐹(𝑠) =  
𝑑𝐸(𝑠)

𝑑𝑠
⁄  

● Reaction Path Curvature: The path curvature k(s) is the second derivative of the energy profile: 

𝑘(𝑠) =  
𝑑2 𝐸(𝑠)

𝑑𝑠2⁄  

Curvature peaks correspond to critical points in the reaction mechanism, such as the transition state. 

4. HIDDEN INTERMEDIATES AND HIDDEN TRANSITION STATES 

The mechanism of the symmetry-forbidden cycloaddition reaction between ethene and HF (reaction 4: CH₂=CH₂ + HF 

→ CH₃CH₂F) consists of four curvature peaks corresponding to four reaction steps (note that the van der Waals peak 

includes K₁ and van der Waals steps, which are not shown), indicating HF cleavage, CH bond formation (steps 2 and 

3), and CF bond formation (step 4) [8]. The transient structure of the reaction complex at s ≈ 2.7 amu¹ᐟ²•Bohr resembles 

an ethyl cation displaced from a fluoride ion, based on geometry and charge distribution. This transient structure can be 

stabilized in a polar aprotic solvent or, if the reaction complex undergoes halide exchange with bromine or iodine, it 

can actually lead to the formation of intermediates. This observation supports the classification of the gas-phase 

reaction (reaction 4) as possessing a hidden intermediate [9]. 

 

Fig2.  chelotropic carbene addition 
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The figure illustrates the chelotropic addition of a carbene to form cyclopropane, including the associated energy 

changes and the curvature of the reaction path. In graph (a), the potential energy surface (PES) indicates that the 

reaction proceeds with virtually no energy barrier, raising the question of whether a specific mechanistic pathway exists 

[10]. Graph (b) examines the shape of the reaction path and reveals distinct stages: initially, the electrophilic site 

attacks, followed by nucleophilic engagement, and finally, the two components come together to form the cyclopropane 

ring. Notably, hidden stages and electronic rearrangements occur even in reactions that appear barrierless. This 

observation aligns with earlier approaches, where DFT calculations (B3LYP/6-31G(d,p) using Gaussian 16) provide 

detailed insights into the reaction mechanism that conventional PES analysis alone might overlook [11]. Integrating 

reaction force analysis, vibrational bending modes and energy decomposition is therefore essential for understanding 

reaction mechanisms, demonstrating that even seemingly simple reactions involve complex electronic changes. 

 

5. OVERVIEW OF SOFTWARE PACKAGES 

  
In this study, several advanced computational programs were employed to analyze kinetic data, as these programs 

offer robust models for understanding chemical reaction mechanisms. TA-KIN for Windows version 1.6 (Anderson) 

was used, which applies the Arrhenius equation to describe the temperature dependence of reaction rates [12]. Data 

evaluation was performed using the Levenberg–Marquardt optimization method, and the differential equations were 

solved with the Runge–Kutta–Fehlberg method. This approach allows direct analysis of the original data without 

simplification, minimizing errors from background noise. 

NETZSCH Thermokinetics Software (Opfermann) was also used to investigate thermally induced processes [13]. 

This software is particularly effective for studying solid-state reactions over time under both isothermal and non-

isothermal conditions. 

KINETICS for Windows 95/98/NT (Burnham) was applied to determine kinetic parameters using various linear 

regression techniques, including Friedman’s method, the extended Kissinger method, and the Coats–Redfern method 

with multiple heating rates. The software is capable of handling complex kinetic models, such as simultaneous 

reactions, reactions with distributed activation energies, and consecutive reactions [14]. 

AKTS-TA for Windows 95/98/NT (Roduit) was additionally employed, providing both model-fitting and model-

free approaches using methods such as Friedman, Ozawa–Flynn–Wall, and ASTM. This software facilitated the 

determination of optimal kinetic models, Arrhenius parameters, and reaction schemes, enabling reliable predictions of 

reaction behavior at varying heating rates and temperatures. 

Table 2. Kinetic Parameters for the Decomposition of Calcium Carbonate (CC) in Vacuum at 

Different Heating Rates 

CONTRIBUTOR METHOD REACTION MODEL 
Eₐ 

(KJ/MOL) 
LN(A/S⁻¹) 

ANDERSON 
TA-KIN for 

Windows 1.6 
Reaction order (n = 0.5) 120.2 10.05 

  
Consecutive Reactions: Step 1 

(n = 0.5) 
108.8 8.64 

  
Consecutive Reactions: Step 2 

(n = 1.0) 
107.1 10.27 

BURNHAM Friedman n = 1 (Low α) 1067 7.89 

  n = 1 (High α) 8915 7.07 

 Coats-Redfern Low α 1442 12.65 
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(modified) 

  High α 1102 9.15 

 
First-order 

(Kissinger) 
- 1222 10.28 

NUCLEATION 

NLR 

Sestak-

Berggren 
m = 0.592; n = 1.000; q = 0.99 116.1 10.50 

  m = 0.511; n = 0.825; q = 0.99 115.7 10.22 

  
m = 0.411; n = 0.761; q = 

0.99999 
115.6 10.08 

DESSEYN ET AL. Kofstad Low heating rate (β = 1.8) 233 27.2 

  High heating rate (β = 10) 178 18.07 

INGRAHAM & 

MARRIER 
- Low heating rate (β = 1.8) 240 21.50 

  High heating rate (β = 10) 181 11.71 

FREEMAN & 

CARROLL 
- Low heating rate (β = 1.8) 223 -8.7 

  High heating rate (β = 10) 147 -7.46 

GENERAL - Low heating rate (β = 1.8) 60 - 

  High heating rate (β = 10) 58 - 

FRIEDMAN - n = 1.46 (Low α) 121 8.66 

  n = 1.46 (High α) 90 - 

OZAWA - Low α 168 - 

  High α 123 - 

NOMEN & 

SEMPERE 

Non-

parametric 

method 

Sestak-Berggren (n = 0.709 ± 

0.004, m = 0.348 ± 0.004) 
106.3 ± 0.3 8.68 ± 0.03 

OPFERMANN Friedman Low α 13413 11.58 

  High α 9211 7.46 

 
Flynn-Wall-

Ozawa 
Low α 1624 14.44 

  High α 1102 9.35 

 

Fig3. The relationship between contributor Ea energy (KJ/Mol) and ln A/s-1   

 

This section further explores these concepts, providing a more comprehensive framework for solvation and 

environmental effects. The interaction of a solute with a solvent significantly influences the solute’s structure, stability, 

and reactivity [15]. Neglecting these effects can lead to inaccurate predictions and misinterpretations of chemical 
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behavior. Computational chemistry offers a range of strategies to address solvation, broadly classified into continuum 

models and explicit molecular dynamics (MD) simulations. 

Continuum Solvent Models 

Continuum models treat the solvent as a homogeneous, polarizable medium characterized by its dielectric constant. 

This approach simplifies the complex interactions between individual solvent molecules by representing them as a 

continuous background [16]. Common continuum models include: 

•Polarizable Continuum Model (PCM): PCM defines a cavity around the solute molecule, while the surrounding 

solvent is treated as a polarizable continuum. The model calculates the electrostatic interaction between the solute’s 

charge distribution and the induced polarization of the solvent. Different variants of PCM exist, providing varying 

levels of sophistication in describing the solute–solvent boundary and the solvent response. 

•Conductor-like Screening Model (COSMO): COSMO is another widely used continuum model that treats the 

solvent as an ideal conductor, simplifying the calculation of solvation effects [17]. 

In COSMO, the solute is placed in a cavity surrounded by the conductor, and the polarization charges on the cavity 

surface are calculated. These charges are then scaled to account for the finite dielectric constant of the actual solvent. 

COSMO is recognized for its computational efficiency and its ability to handle a wide range of solvents. 

Advantages of Continuum Models 

•Computational Efficiency: Continuum models are computationally inexpensive compared to explicit solvent 

simulations, making them suitable for large systems and computationally demanding calculations. 

•Ease of Use: These models are generally straightforward to implement and require minimal additional setup 

compared to explicit solvent simulations. 

Limitations of Continuum Models 

•Lack of Explicit Solvent Structure: Continuum models do not explicitly represent individual solvent molecules, 

neglecting specific solute–solvent interactions such as hydrogen bonding and hydrophobic effects. 

•Approximations in Cavity Definition: The method relies on approximations for defining the solute cavity, which 

can affect the accuracy of solvation calculations [18]. 

 The definition of the solute cavity can significantly affect the results, and different cavity construction methods 

can lead to variations in the calculated solvation energies. 

Explicit Molecular Dynamics (MD) Simulations 

MD simulations explicitly represent both solute and solvent molecules, tracking their positions and velocities over 

time. By applying classical mechanics, MD simulations provide detailed information on the energetic behavior of the 

solvated system, including: 

•Solvent Structure and Dynamics: MD simulations can reveal the arrangement of solvent molecules around the 

solute, including solvation shells and hydrogen-bonding networks. Solute–solvent interactions, such as hydrogen 

bonds, van der Waals forces, and hydrophobic effects, can also be captured [19, 20]. 

•Thermodynamic Properties: MD simulations can be used to calculate thermodynamic properties of the solvated 

system, such as solvation free energies and enthalpies. 

Advantages of MD Simulations 

•Explicit Treatment of Solvent: MD provides a detailed representation of the solvent environment and its 

interactions with the solute. 



Jasim., et al., Wasit Journal for Pure Science Vol. 4 No. 3 (2025) p. 77-87 

 

 

 84 

•Energetic Insights: MD captures the time-dependent energetic behavior of the solvated system, offering dynamic 

mechanistic insights. 

Limitations of MD Simulations 

•Computational Cost: MD simulations are computationally demanding, particularly for large systems and long 

simulation times. 

•Force Field Accuracy: The reliability of MD results depends on the accuracy of the force field used to describe 

intermolecular interactions. 

Combined Strategies 

Combining continuum models with MD simulations offers an effective approach to studying solvation effects. For 

example, a QM/MM (Quantum Mechanics/Molecular Mechanics) approach treats the solute and its immediate 

environment with quantum mechanics (QM), while the surrounding solvent is modeled using molecular mechanics 

(MM). This allows for an accurate description of the solute’s electronic structure while efficiently modeling the larger 

solvent environment. 

Applications of Solvation Studies 

•Reaction Mechanisms: Solvents can significantly influence reaction rates and pathways by stabilizing or 

destabilizing reactants, transition states, and products. 

•Biomolecular Interactions: Solvation plays a crucial role in protein folding, protein–ligand binding, and 

membrane permeability. 

•Drug Design: Understanding the solvation of drug molecules and their targets is essential for optimizing binding 

affinity and selectivity. 

•Materials Science: Solvation effects can influence material properties such as solubility, conductivity, and 

stability [21]. 

 

 

6. COMPUTATIONAL APPROACHES TO STUDYING REACTION MECHANISMS 

AND TRANSITION STATES IN QUANTUM CHEMISTRY: A CASE STUDY OF 3-

HYDROXY-2-BUTANONE (3H2B) WITH OH RADICALS 

 
Computational chemistry has become an essential tool for understanding chemical reactivity at the atomic level. 

By employing quantum mechanical methods, researchers can investigate reaction mechanisms, identify transition 

states, and calculate kinetic parameters, providing valuable insights into chemical processes. The development of 

sophisticated techniques enables accurate modeling of complex reaction pathways. This review builds upon recent 

theoretical advances and highlights key discoveries, placing them in the broader context of the capabilities that 

computational chemistry offers. In particular, these methods allow researchers to reliably determine molecular 

geometries and explore the detailed features of reaction mechanisms [22].  

 

 Computational chemistry allows for the optimization of structures of reactants, products, intermediates, and 

transition states. Energies of these species can be calculated to determine relative stabilities and assess reaction 

energetics, providing predictions about reaction feasibility. Transition states can be characterized, and when their 

energies are well understood, the significance of these states in governing the reaction becomes clear. Rate constants 

can be calculated, enabling the prediction of reaction rates based on the transition state theory. These analyses are 
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essential for understanding chemical behavior, taking into account factors such as temperature, molecular interactions, 

and mixing effects. 

 

7. CONCLUSION 

 
Understanding chemical reaction mechanisms requires a detailed analysis that goes beyond examining the total 

energy (EsE_sEs) on the potential energy surface (PES). Traditional approaches often focus on stationary points along 

the reaction path but can overlook the structural transformations of the reaction complex. By analyzing these structural 

changes in conjunction with the reaction pathway, a clearer and more comprehensive picture of the mechanism 

emerges. Key insights are obtained by studying the distinct reaction phases, during which critical chemical 

transformations, such as bond breaking and formation, occur. Even seemingly simple reactions, such as the dissociation 

of H₂ or methylene addition to ethene, proceed through multiple stages, highlighting their inherent complexity. 

A major breakthrough in reaction mechanism analysis is the realization that bond-breaking and bond-forming 

processes do not always occur precisely at the transition state; they may take place within the entrance or exit channels 

of the reaction. The van der Waals phase, particularly in systems with weakly bound intermediates, often influences the 

final outcome. This phase provides valuable information on reaction dynamics and system evolution. Furthermore, the 

use of adiabatic vibrational modes and curvature coupling coefficients deepens our understanding of the forces driving 

chemical processes, including bond strength variations induced by polarization effects. 

Computational chemistry has substantially enhanced the analysis of reaction mechanisms, especially in solvent 

environments. Continuum solvation models, such as the Polarizable Continuum Model (PCM) and the Conductor-like 

Screening Model (COSMO), efficiently estimate solvation energies, although they do not explicitly capture solute–

solvent interactions. Molecular dynamics (MD) simulations, by contrast, provide detailed insights into solvation effects 

but require substantial computational resources. Hybrid quantum mechanics/molecular mechanics (QM/MM) 

approaches offer an optimal balance between accuracy and efficiency, enabling realistic modeling of molecular systems 

in solvent environments. 

Investigating reaction pathways through energy variations reveals hidden transition points that are critical for 

understanding electronic structure changes. Density Functional Theory (DFT) calculations performed using Gaussian 

16 at the B3LYP/6-31G(d,p) level allow precise observation of reaction steps, including nucleophilic attacks and ring-

closing events, demonstrating that reaction mechanisms are far more intricate than simple energy surface analyses 

suggest. Advances in high-performance computing and machine learning are further accelerating simulations and 

solvation studies. Future improvements in computational power and algorithmic efficiency will continue bridging 

theoretical predictions with experimental observations, expanding applications in drug design, materials science, and 

biomolecular interactions. 
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