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Abstract 

Currently, quantum mechanical (QM) calculations are essential to support diverse chemical 

investigations by predicting electronic structures, reaction energies, and spectroscopic properties. 

Precise analysis of molecular conformations enables a comprehensive understanding of the structural, 

physicochemical properties of molecular systems. This decade has witnessed significant advancements 

in computational chemistry and spectroscopic techniques that have revolutionized conformational 

analysis, providing more accurate structural elucidation. Combination of QM calculations with 

experimental spectrum data (IR, NMR, UV-Vis, and Raman) has markedly improved the precision of 

conformational analysis and interpretation of spectral data. This review highlights significant 

advancements in conformational analysis, spectroscopic techniques, and their synergistic application 

with QM calculations, particularly density functional theory (DFT). The review presents case studies 

of chemically and biologically relevant molecules to illustrate the effectiveness of integrating 

experimental spectra and computational methods for conformational analysis and structural 

elucidation. This review also highlights the current limitations and proposes suggestions for future 

methodological improvements. 
 

Keywords: Conformational analysis; Quantum mechanical calculations; IR/Raman; NMR; UV-
Vis spectra. 
 
____________________________    
https://doi.org/10.63070/jesc.2026.044 

Received 20 May 2026; Revised 10 October 2026; Accepted 18 October 2026;  

Available online 25 October  2026. 

Published by Islamic University of Madinah on behalf of Islamic University Journal of Applied Sciences.  

This is an open access article published under the Creative Commons Attribution 4.0 International license  

(CC BY 4.0): https://creativecommons.org/licenses/by/4.0/  

______________________________ 

 

https://journals.iu.edu.sa/jesc
mailto:usoliman@jazanu.edu.sa
https://doi.org/10.63070/jesc.2026.044
https://journals.iu.edu.sa/jesc
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-5701-1091


Islamic University Journal of Applied Sciences VIII, (II), (2026) 281-325 

282 

 

1. Introduction 

Conformational analysis and spectroscopy are essential tools for understanding the structures 

and properties of organic/inorganic compounds, pharmaceuticals, biomolecules, natural products, and 

polymers. These approaches enable researchers to ascertain the three-dimensional arrangement of 

atoms inside a molecule, which is essential for predicting physical, chemical, and biological aspects. 

Recent advances in computational chemistry, machine learning, and spectroscopic techniques have 

considerably improved the precision and efficacy of conformational analysis. The determination of 

molecular structure and conformational dynamics is a cornerstone of modern chemistry, with 

applications in drug design [1-3], catalysis [4, 5], and materials science [6-8].  

X-ray crystallography and spectroscopic techniques (NMR, IR, Raman, UV-Vis, and MS) are 

the primary experimental methods for investigating molecular structure and conformations [9, 10]; 

however, they possess limitations. For example, X-ray crystallography requires high-quality single 

crystals, which may be difficult or impossible to obtain for several substances, including flexible 

molecules, amorphous materials, or proteins with low solubility [11]. Also, the accurate interpretation 

of the experimental vibrational and NMR spectra may be challenging, particularly for complex 

materials such as biomolecules and polymers, owing to band/signal overlap and the experimental 

conditions affecting the spectra [12, 13]. To overcome these challenges, quantum mechanical (QM) 

methods, particularly density functional theory (DFT), have become indispensable for predicting 

molecular conformations and their spectroscopic signatures [14]. NMR spectroscopy can distinguish 

between conformers, but it requires chemical shifts calculated by quantum mechanics to provide 

precise structural assignments [15]. Interpretation of complex peak patterns in IR and Raman spectra 

requires DFT-based vibrational frequency calculations [16]. UV-Vis and circular dichroism (CD) 

spectra are frequently analyzed by time-dependent (TD) DFT calculations to associate electronic 

transitions with molecular structure [17]. Computational chemistry involves the use of computer 

software to predict the electronic structure of a chemical species (atom, molecule, ion, or crystal) and 

its properties based on the concepts of quantum mechanics, molecular mechanics (MM), and molecular 

dynamics (MD) simulations [18]. This field of chemistry has diverse applications, including drug 

development, material science, and environmental chemistry, focusing on the prediction of molecular 

structures, energetics, and spectroscopic behavior [19]. Recent developments in computational 

chemistry allow for precise predictions of conformations and molecular properties, such as vibrational 

frequencies (IR/Raman), electronic transitions (UV-Vis), and NMR chemical shifts, which enable 

direct comparison with experimental data [17].  

QM methods, such as DFT and ab initio calculations, can predict geometries without requiring 

crystallization, thereby allowing for structural investigations of amorphous or non-crystalline 
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compounds. Also, MD simulations effectively model flexible systems in solution [20], providing a 

connection between solid-state (X-ray) and solution (NMR) structures. DFT frequency calculations 

and normal coordinate analysis enable accurate assignment of vibrational modes to their respective 

observed IR/Raman bands, which are significant in distinguishing conformers based on their 

fingerprint regions [21, 22]. DFT-based NMR chemical shift calculations have clarified ambiguities 

in the conformational preferences of flexible organic molecules [23]. TD-DFT calculations of 

electronic circular dichroism (ECD) spectrum aid in the determination of absolute stereochemistry 

[24].  

Despite the advancements in QM calculations, challenges persist, including the accurate 

modeling of weak interactions (such as dispersion forces and hydrogen bonding) and large, flexible 

systems. Recent advancements in machine learning-augmented quantum mechanics methods, 

improved sampling algorithms, and hybrid QM/MM approaches are advancing the field of 

conformational analysis. The integration of experimental spectral data with QM calculations has 

demonstrated significant efficacy, enabling researchers to validate theoretical models and refine 

conformational predictions [25]. This synergy has become indispensable, with particularly 

transformative impacts in several chemical disciplines, including chemical synthesis, drug discovery, 

catalysis, and materials science; see Table 1. 

This review explores the recent advances in conformational analysis, emphasizing the 

integration of spectroscopic techniques, including NMR, IR, Raman, and UV-Vis, with QM 

computations such as DFT, ab initio, and coupled-cluster approaches. This work highlights the 

significant impact of the QM-spectral combination across several fields, including materials research, 

drug development, and catalysis. A review of recent developments in QM methods for conformational 

studies will be conducted. The article reviews recent case studies that illustrate how this combined 

approach has yielded significant insights into conformational analysis. Finally, this review will 

subsequently address the challenges associated with this topic, offering a framework for future 

research in this field. 
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Table 1 Impacts of the integrated QM-experimental approach in different fields. 

Field 
Combined 

approach  
Examples of impacts Ref. 

Organic/ 

Inorganic 

synthesis  

QM/NMR/ 

IR/UV-Vis 

 

• Support the structure investigated of novel compounds. 

• Regioselectivity and thermodynamically preferred reaction route. 

• Assigning the preferred coordination sites of ligands in metal 

complexes and studying structural isomerism.  

[26-28] 

 

Drug 

discovery 

QM/MD/X

-ray/NMR/ 

TD-DFT/ 

ECD 

• Identifying bioactive conformations of drug candidates  

• Refining H-atom positions in protein active sites (e.g., hydrogen-

bond networks in enzymes). 

• Resolving the dynamics of drug molecules in lipid bilayers.  

[1-3] 

Natural 

products 

QM/NMR/ 

TD-DFT 

/ECD 

• Structural elucidation of natural products.      

• Determination of the absolute configuration.  

• Mechanisms involved in natural product biosynthesis. 

[24, 29] 

 

Catalysis 

QM/MD/ 

IR/Raman/  

IRC 

• Evaluation of multiple reaction pathways and identification of 

transient intermediates. 

• Elucidating transition-state geometries using Intrinsic Reaction 

Coordinate (IRC) calculations. 

[4, 5] 

 

Materials 

Science 

DFT/ TD-

DFT/IR/ 

UV-Vis 

• Characterization of novel polymers and nanomaterials. 

• Designing organic semiconductors with tailored optoelectronic 

properties.  

[6-8] 

 

 

2. Conformational Analysis and Its Significance 

Conformational analysis is a central aspect of structural chemistry that explores the spatial 

arrangements of atoms within a molecule and the differences in their energies. Molecular 

conformations denote different three-dimensional arrangements of atoms in a molecule that maintain 

the same covalent connectivity and can be classified into rotational isomers and cyclic conformations. 

The rotational isomers arise from the rotation around single bonds, exemplified by the conformers 

analyzed for L-histidine methyl ester [30], as illustrated in Figure 1. Whereas, cyclic conformations 

are formed due to ring puckering in cyclic molecules such as the three conformers (Figure 2) 

investigated for 1,3-dimethyl-2-imidazolidinone due to the flexibility of the five-membered ring [31]. 

Molecular conformations exist in dynamic equilibrium, with populations determined by their relative 

Gibbs free energies (ΔG) and temperature (T) according to the Boltzmann distribution [32]. The 

conformational landscape can be represented as a potential energy surface (PES), covering all possible 

conformations along with their relative stabilities [17].  
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Figure 1 Newman projections representing the three rotational isomers (Top)  of L-histidine methyl 

ester, R=H and their optimized geometries (bottom) at ωB97X-D/aug-cc-pVTZ level reported by Ref. 

[30]. 

 

Figure 2 Equilibrium geometries of the proposed cyclic conformers of 1,3-Dimethyl-2-

imidazolidinone using the MP2/6-311++G (d,p) calculations [31]. 

In 1932, Mizushima and Higasi began the historical development of conformational analysis 

by reporting the existence of anti and gauche conformers in 1,2-dichloroethane supported by Raman 

spectroscopy [33]. Barton significantly contributed in the 1950s by applying conformational analysis 

to cyclohexane derivatives, establishing a foundation for its use in natural product chemistry [34]. 

During the 1960s and 1970s, conformational analysis expanded into multiple disciplines, notably in 

the examination of cycloalkanes and alkaloids, emphasizing the distinct characteristics of each 

compound class [34, 35]. During the 1990s, techniques such as principal component analysis and 

essential dynamics analysis were developed to examine protein conformational ensembles, associating 

conformational alterations with functional mechanisms [36]. From the beginning of the year 2000, 

conformational analysis has experienced notable growth, primarily attributed to advancements in 

computational methods. The precision and efficiency of conformational studies improved significantly 

through the integration of experimental approaches and advanced computational methods. The 
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advancement of computational tools has enhanced researchers' understanding of molecular behavior 

and interactions, enabling them to analyze complex molecular systems [36, 37]. 

 The stability of molecular conformers is influenced by several factors, including steric effects, 

intramolecular interactions, and environmental conditions. These factors collectively affect the energy 

landscape and the favored conformations in different environments. The stability of conformers is 

notably influenced by intramolecular hydrogen bonds; for example, N–H···O=C bonds increase the 

stability of cis-Amide conformers in proline-rich peptides [38]. Ring strain is a significant factor 

influencing the conformational preferences of cyclic molecules, such as cyclohexanes, which adopt 

chair conformations to reduce angle strain [39]. The stability of conformers is also affected by the 

orientation of substituents, such as axial and equatorial configurations. For example, 5-

methyltetrahydro-1,3-oxazine favors an equatorial methyl group [40]. Concerning the environmental 

effect, the gauche conformer of butyronitrile exhibits greater stability under specific conditions of 

temperature and pressure [41]. 

Assessing conformational preferences is crucial for understanding molecular behavior, as 

slight structural alterations can substantially impact function. The study of molecular conformations is 

significant across various fields, such as drug discovery, molecular biology, materials science, and 

catalysis. Conformational analysis is essential in the design of drug molecules, as it identifies the 

optimal conformation for binding to a target protein [3]. The synthesis of natural products such as 

vitamin B12 highlights the significance of managing conformational preferences to attain specific 

chemical reactivities and biological activities [42], where conformational design principles are utilized 

to attain specific molecular structures. For enzymatic catalysis, studying conformational changes is 

vital for understanding enzyme mechanisms and developing inhibitors. These changes could overcome 

trade-offs between substrate specificity and product release, thereby enhancing catalytic efficiency 

[43]. In peptides, exploring the conformational preferences can inform the development of drugs that 

exhibit improved potency and selectivity. The incorporation of 2,3-methanopipecolic acids in peptides 

significantly increases the prevalence of the cis isomer, which can mimic proline's role in biological 

processes and assist in the design of novel bioactive compounds [44].  

Conformational analysis has significance in material science, shown by its applications in many 

fields, including organic semiconductors, liquid-crystal, polymers, and metal-organic frameworks 

(MOFs). Using the 3D electron diffraction (3D ED), Ph-anti-benzothieno[5,6-b]benzothieno[3,2-

b]thiophene, a novel organic semiconductor, exhibited complex conformational polymorphisms that 

influence its crystallization behavior and potential applications [45]. The exploration of liquid 

crystalline materials is facilitated by advanced computational techniques for rapid conformational 

analysis, enabling the development of new materials with specific properties [46]. Conformational 
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analysis elucidates the relationship between polymer structure and properties, facilitating the design 

of polymers with tailored characteristics for specific applications [47]. The porosity and surface area 

of MOFs are significantly influenced by the conformation of organic linkers, which are essential for 

applications such as catalysis and adsorption [48]. 

Conformational analysis provides valuable insights into molecular structures and dynamics; 

however, several critical unresolved issues remain. These include the accurate consideration of solvent 

effects [49], the handling of flexible structures with over ten rotatable bonds [50], and the prediction 

of temperature-dependent populations [51]. Recent advancements in machine learning force fields [52] 

and improved sampling techniques [53] are addressing these challenges, facilitating a more 

comprehensive exploration of conformational spaces. 

3. Quantum Mechanical (QM) Methods 

QM calculations are the cornerstone of computational chemistry, serving as a crucial tool for 

predicting and understanding the electronic structure and properties of molecules and materials [54], 

therefore aligning with both experimental and theoretical methodologies. Recent developments in 

computer hardware and software have greatly improved the potential of computational chemistry, 

allowing for more intricate and precise simulations [55]. Commonly used software packages for QM 

calculations include Gaussian [56], QChem [57], GAMESS [58], Psi4 [59], and NWChem [60]. All 

these software offer similar fundamental functionalities, with notable distinctions related to their user-

friendliness, efficiency, and accessibility (free or commercial). The primary QM methods involve ab 

initio approaches (such as Hartree-Fock and post-Hartree-Fock), semiempirical methods, and DFT, 

each possessing its own characteristics and applications. The integration of QM with MM in QM/MM 

methods has broadened the applicability of QM calculations to larger and more complex systems.  

Computational chemistry has progressed significantly since the first accurate simulations of 

gas-phase small molecules [61], shown by the receipt of two Nobel Prizes. In 1998, Walter Kohn and 

John Pople were awarded the first prize for their pioneering contributions to the development of DFT 

[62] and computational techniques in quantum chemistry [63]. The second prize was awarded in 2013 

for the advancements of computational QM/MM models that simulate complex biological systems 

[64-66]. Currently, the extensive application of computational chemistry in medical and materials 

research is feasible [67, 68] due to advancements in methodologies and computational capabilities. 

3.1 Ab initio Calculations 

 Ab initio calculations, derived from the Latin term meaning "from first principles" are QM 

methods that solve the Schrödinger equation without the use of empirical parameters, depending 

exclusively on fundamental physical constants. Ab initio Hartree-Fock (HF) calculations involve the 

approximation of the total molecular wavefunction Ψ as a Slater determinant of occupied spin orbitals. 
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The spatial orbitals are expressed as a linear combination of basis functions. HF calculations recover 

the bulk (≈99%) of the total electronic energy but neglects electron correlation[69], which is typically 

a few tenths of a hartree for small molecules (≈ 0.37 Eₕ for water). Because this missing energy is 

comparable to or larger than the energy differences of chemical interest, HF errors in reaction energies, 

barrier heights and non-covalent interactions can reach tens of kcal/mol, and harmonic frequencies are 

systematically overestimated by ~10% [70]. 

Post-HF approaches, including Møller-Plesset perturbation theory (MP), configuration interaction 

(CI), and coupled cluster (CC) methods, provide better treatment of electron correlation. These 

approaches methodically calculate electron correlation energy, necessary for precise electronic 

structure computations [71]. Ab initio calculations are employed to calculate molecular geometries, 

energies, vibrational frequencies, and spectra. These properties are crucial for understanding chemical 

reactions and interactions, including enzyme-substrate binding and reaction equilibrium [69]. 

3.2 Density Functional Theory (DFT) 

DFT is currently one of the most widely used and well-established QM techniques for 

calculating electronic structures because it achieves an excellent compromise between computational 

cost and accuracy [72]. This theory is based on the Hohenberg-Kohn theorems, which state that all 

ground state properties of a system are determined by its electron density [62]. The practical 

applications of DFT involve approximations such as LDA and meta-GGA, especially concerning the 

exchange-correlation energy, a fundamental part of the theory. The precision of DFT calculations is 

significantly dependent on the selection of the exchange-correlation functional, and research continues 

to advance the development of more accurate functionals [73]. Recent advancements include hybrid 

and double-hybrid functionals, such as B3LYP [74, 75] and ωB97XD [76, 77], which enhance the 

accuracy of electronic structure predictions. Additionally, dispersion corrections, including DFT-D3 

[76] and DFT-D4 [78] are applied for weak interactions in flexible molecules. 

The HF theory has several deficiencies and inadequately describes most chemical reactions 

[70]. Both MP and CI methods provide accurate electronic energies for small atoms and molecules 

using large basis sets; however, they become too computationally expensive for larger systems. 

Modern DFT approaches offer greater precision compared to HF calculations with lower 

computational costs (Figure 3). Thus, DFT is preferred in handling large systems effectively, which 

makes it appropriate for investigating complex materials and biological systems. Owing to this 

effectiveness, DFT calculations have been extensively applied in cooperative experimental and 

computational studies [19]. 
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Figure 3. Accuracy in typical thermochemical applications vs. computation time (logarithmic scale) 

for common quantum chemistry methods [79]. 

3.3 General considerations in QM calculations  

In computational chemistry, it is essential to deal with computational requirements with 

methodological accuracy and reliability. To achieve this objective, it is crucial to know the 

advantages/limitations of various approaches, consider the system size, and recognize the targeted 

properties, including structures, reaction energies, and conformational energies. Identifying suitable 

theoretical frameworks is essential for precisely characterizing a chemical system. Bursch and 

coworkers [79] have delineated important aspects to consider when conducting QM computations, the 

most notable of which are as follows: 

1. A key issue in DFT is the selection of the exchange-correlation energy functional; hence, it is 

advisable to choose a functional carefully, considering the specific chemical system and the job 

at hand, rather than relying on popularity. 

2. The application of the atomic-orbital basis set is essential. The key characteristic of basis sets is 

their completeness (size), which refers to the number of functions used to represent an electron. 

An appropriate basis set size (≥ triple-zeta; TZ) is crucial for energy-related features. It is 

essential to consider polarization functions for flexibility beside diffuse functions for anions, 

dipole moments, and polarizabilities. Finally, implement efficient core potentials for heavy 

elements (Z>36). 

3. An additional significant aspect is the system's structural flexibility. Highly flexible structures 

may not be adequately represented by a single molecular property, such as energy or NMR 

spectra. It is recommended to evaluate the accessibility of relevant conformers for a specific 

system via conformational analysis. 
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4. Structure optimizations represent the beginning step of most QM studies, typically starting from 

either experimental data or an initial estimate using semiempirical or force-field methodologies.  

The most common user errors involve initial structures and input mistakes that lead to incorrect 

charge, spin, or protonation states, significantly altering the results. Consequently, the input must 

be carefully verified prior to initiating the computational procedure. 

5. The calculation of vibrational frequencies is essential for determining zero-point vibration 

energies and for making thermostatistical corrections to enthalpy and free energy.  It is essential 

for predicting IR/Raman spectra. For structure optimization and vibrational frequency 

calculations, it is necessary to employ the same theory level, or alternatively, a second set of 

optimized structures derived from this lower level must be utilized. 

6. The calculated electronic energies serve as the principal indicator for the examination of 

conformers, reaction energies, barriers, and noncovalent interactions. These computations need 

larger basis sets for convergent results compared to structures or frequencies. 

The expected performance of the most commonly used methods for conformational energies, 

NMR shifts, vibrational spectra and electronic spectra is compared in Table 2, together with their 

relative computational cost and recommended applications. 

Table 2. Comparison of the main QM methods for conformational energies and spectroscopic 

properties 

Method Conformer energies NMR shifts Vibration

al spectra Electronic spectra Cost Recommended use 

B3LYP-

D3(BJ) 
Good with dispersion 

correction; poor 

without it for 

folded/π-stacked 

structures 

Reliable 

with GIAO; 

widely used 

Very good 

after 

scaling 

Valence states good; 

charge-transfer (CT) and 

Rydberg states 

underestimated 

Low Routine geometries, 

frequencies, NMR 

M06-2X Good for non-

covalent interactions; 

grid-sensitive 

Good Good 

(own 

scale 

factors) 

Better than B3LYP for 

CT owing to 54% HF 

exchange 

Low–

moderate 
Energetics of 

flexible/dispersion-bound 

systems 

ωB97X-D Good; built-in 

dispersion 
Good Good 

after 

scaling 

Good for CT/Rydberg 

(range separation) 
Low–

moderate 
General-purpose, 

ECD/UV-Vis 

MP2 

(DLPNO-

MP2) 

Good but overbinds 

π-stacking/dispersion 
Improves 

difficult 

cases; costly 

Good for 

small 

systems 

Not applicable Moderate

–high 
Check on DFT energies, 

small/medium systems 

CCSD(T) / 

DLPNO-

CCSD(T) 

Reference quality 

(“chemical 

accuracy”) 

Benchmark 

only 
Limited 

by cost 
EOM-CCSD as 

benchmark 
Very high Single-point energies on 

DFT geometries 

TD-DFT – – – Typically 0.2–0.3 eV for 

valence states; larger 

errors for CT, Rydberg, 

double excitations 

Moderate UV-Vis/ECD of 

medium-large molecules 
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3.4 Time-Dependent Density Functional Theory (TD-DFT) 

 TD-DFT computations expand traditional DFT to include time-dependent systems, facilitating 

the calculation of electronic excited states using linear response theory [80]. The approach provides 

excitation energies (often within 0.2-0.3 eV of experimental values), oscillator strengths, and charge-

transfer characteristics [81]. TD-DFT is widely employed to predict the electronic circular dichroism 

(ECD) and UV-Vis spectra (electronic transitions) of organic and biological molecular systems [17]. 

Additionally, it is utilized to calculate the optical spectra of semiconductors and insulators, considering 

the impact of excitons, which are bound electron–hole pairs [82]. In the field of photonics, TD-DFT is 

helpful in examining the interaction between light and electrons, a crucial aspect for the development 

of devices that merge photonics with electronics [83]. 

The accuracy of TD-DFT depends strongly on the functional and on the nature of the excited 

state. The 0.2–0.3 eV error typically quoted applies to low-lying valence excitations of organic 

molecules. Global hybrids such as B3LYP underestimate charge-transfer and Rydberg excitation 

energies, an issue partly cured by range-separated hybrids (CAM-B3LYP, ωB97X-D). In the adiabatic 

linear-response approximation, states with significant double-excitation character are missing, and 

near-degenerate states may be mixed or wrongly ordered, which directly affects the sign pattern of 

ECD spectra. Solvent effects are described by linear-response PCM only approximately and neglect 

specific interactions, vibronic structure and band broadening are usually replaced by empirical line 

shapes, and ECD spectra are highly sensitive to conformer populations. Benchmarking against 

wavefunction methods (EOM-CCSD, DLPNO-STEOM-CCSD), testing several functionals, and 

Boltzmann-averaging over conformers are therefore recommended. 

3.5 Potential Energy Surface (PES) Scans and Conformational Analysis  

The combination of potential energy surface (PES) scan and conformational analysis with QM 

calculations provides significant understanding into molecular behavior. PES scans assess the 

variations in the energy of a molecule as a function of its geometric parameters, such as bond lengths, 

angles, or dihedral angles, to identify stable conformations and transition states [17]. A relaxed PES 

scan involves incrementally altering a particular structural parameter of the molecule followed by 

geometry optimization at each scanning point. The scan of PES can be carried out in either one or 

multiple dimensions, based on the complexity of the molecule. PES scans are essential for analyzing 

molecular flexibility, reaction pathways, and torsional barriers [56]. Developments in algorithms (e.g., 

CREST, meta-dynamics) and hybrid QM/MM methodologies persistently enhance efficiency and 

precision [84]. 

The conformational study of meso-2,3-dimercaptosuccinic acid was documented by Shaaban 

et al. [22], indicating that the trans conformer was preferred based on the PES scan during internal 
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rotation around the central C‒C bond, using B3LYP/6-31++G(d,p) calculations; refer to Figure 4A. 

The authors performed three PES scans for the trans conformer by rotating the carboxyl, thiol, and 

hydroxyl groups to explore additional conformers. Accordingly, the global minimum (Figure 4B) has 

the carbonyl staggered relative to the CCS angle but trans to C‒H, whereas the O‒H is positioned cis 

to the carbonyl, and the S‒H is trans to C‒H and staggered to the CCC angle.  

 

Figure 4. (A) PES scan during internal rotation around the central C‒C bond for meso-DMSA obtained 

from B3LYP/6-311++G**[22]; (B) The global minimum for the trans conformer [22]. 

Employing B3LYP/6-311++G (d,p) calculations, Reference [31] documented a two-

dimensional potential energy surface scan for 1,3-dimethyl-2-imidazolidinone by varying two dihedral 

angles (Figure 5) to determine the planar-to-twist barrier (42.6 kcal/mol). 

 

Figure 5. 2D-PES scan for ring puckering of 1,3-Dimethyl-2-imidazolidinone predicted from the 

B3LYP/6-311++G(d,p) calculations [31]. 
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3.6 Machine Learning-Assisted Conformational Analysis 

Machine learning (ML) is a crucial subset of artificial intelligence (AI) that focuses on the 

development of algorithms that allow computers to learn from data. This entails the application of 

statistical models for data analysis, pattern identification, and making predictions or decisions based 

on these patterns [85]. The use of ML in quantum mechanics calculations has revolutionized 

computational chemistry by accelerating the speed of accurate simulations and reducing computational 

costs. ML approaches, including neural networks, kernel methods, and Gaussian processes, are 

progressively used to predict molecular characteristics, optimize geometries, and substitute costly 

quantum mechanical calculations [86]. Grimme et al. developed a novel conformational searching 

approach, CREST, which offers a rapid alternative that rectifies inaccuracies seen in conventional 

conformational searching techniques [87]. CREST integrates the semiempirical GFN-xTB methods 

with metadynamics-based sampling to produce extensive conformational ensembles at a much-

reduced cost compared to conventional ab initio techniques [88]. CREST is therefore not itself a 

machine-learning method, but an automated, semiempirical sampling tool that is often combined with 

ML-based refinement. The ML approaches relevant to conformational analysis are diverse and are best 

distinguished according to what the model predicts and how it is used. They can be classified into four 

categories: ML interatomic potentials/force fields, ML property prediction, ML–QM hybrids (Δ-

learning), and ML-assisted conformational sampling, as summarised in Table 3. The main limitations 

of ML approaches should also be recognised: limited transferability beyond the training set, the 

scarcity of data for flexible and solvated systems, and the need for validation against QM calculations 

and experiment. 

Table 3 Classification of machine-learning approaches used in conformational analysis 

Category Description Examples 

ML interatomic 

potentials / force fields 
Neural-network or kernel potentials trained on DFT 

data to provide near-DFT energies and forces at 

force-field cost 

ANI-2x [89], AIMNet2 [90], 

MACE-OFF [91] 

ML property prediction Models predicting spectra or shifts directly from 

structure or from low-level QM descriptors 
iShiftML [110], CASCADE 

[92], DP4-AI [93] 

ML–QM hybrids (Δ-

learning) 
ML corrects a cheap QM method towards a higher 

level (e.g., DFT → CCSD(T)) 
Δ-ML approaches reviewed in 

[86] 

ML-assisted 

conformational 

sampling 

Generative or active-learning models proposing 

conformers; ML potentials driving 

MD/metadynamics. Non-ML reference: CREST 

(GFN-xTB) [87, 88] 

Torsional diffusion [94], 

GeoMol [95] 
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4. Integration of Spectral Techniques with QM Calculations 

Spectral techniques, such as NMR, IR, Raman, UV-Vis, and CD spectroscopy, are 

indispensable for structural elucidation. Recent advancements in these approaches have markedly 

improved our ability to investigate molecular structure and conformations with extraordinary accuracy 

in exploring complex structures. Table 4 highlights advanced spectroscopic methods and their 

applications in conformational analysis, enabling future advancements in structural biology and 

materials science.  

The combined use of spectroscopic techniques and computational chemistry has become a 

cornerstone of conformational analysis. This synergy allows researchers to investigate the molecular 

structures and interpret spectral data with high accuracy.  Barone et al. identified many aspects that 

make QM calculations an indispensable tool in the field of molecular spectroscopy [16]. The precise 

interpretation of spectral data requires comprehensive computational analysis. For instance, analyzing 

an experimental vibrational spectrum of a flexible molecule involves QM calculations, followed by 

spectral predictions and simulations to ascertain the relevant conformers. Experimental spectroscopy 

aims to elucidate the structure and bonding of molecules, with measurements focused on the 

frequencies of light absorbed by the molecular system. Computational spectroscopy serves as a 

connection between experimental data and fundamental physical properties by offering theoretical 

frameworks that relate observable measurements to molecular characteristics. QM calculations and 

experimental spectroscopy can serve as benchmarks for one another. Experimental spectroscopy 

exhibits high sensitivity to the electronic structure of a system, making it an effective method for 

verifying the reliability and accuracy of theoretical predictions and validating quantum chemistry 

calculations [16].  

Table 4 Advanced Spectroscopic Techniques in Conformational Analysis 

Spectral Technique  Applications  

Raman optical activity 

(ROA) and VCD  

Determination of absolute configurations and predominant 

conformations of several chiral compounds in solution [96]. 

2D-IR Spectroscopy  Monitoring ultrafast conformational dynamics, including protein 

folding and ligand binding [97]. 

Tip-enhanced Raman 

Spectroscopy (TERS) 

Investigation of the conformational heterogeneity present in single 

molecules [98]. 

Ultrafast NMR spectroscopy Monitoring conformational changes in real-time [99].  

Multidimensional NMR The analysis of the conformations of complex biological molecules, 

including proteins and RNA [100] 
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In-Cell NMR Spectroscopy Conformational investigation of protein in situ within living cells 

[101] 

Single-Molecule Fluorescence 

Spectroscopy 

Investigation of protein folding and dynamics, yielding insights into 

conformational states and their dynamics [102]. 

Synchrotron Radiation CD 

(SRCD) 

Investigation the secondary structure of proteins to understand its 

conformational behavior and stability at various conditions [103]. 

 

4.1 Vibrational Spectroscopy (IR/Raman) 

Vibrational spectroscopy, involving infrared (IR) and Raman spectroscopy, is employed to 

analyze the vibrational modes of molecules, providing valuable insights into their structural and 

chemical properties. QM approaches are crucial for the accurate interpretation of the vibrational 

spectrum, which aids in conformational study. DFT approaches, particularly those using hybrid 

functionals like B3LYP [74, 75] and dispersion-corrected variants such as ωB97XD [76, 77], 

effectively predict IR and Raman spectra, while the use of anharmonic corrections (VPT2) improves 

accuracy [104].  

The objective of the frequency calculations is to assign vibrational motions to the observed 

IR/Raman band. Normal coordinate analysis (NCA) is a method that effectively aids in the 

interpretation of the vibrational spectrum through mathematical representations of molecular 

vibrations using internal coordinates, which are well-known to spectroscopists. The process involves 

constructing a set of symmetry coordinates derived from combinations of internal coordinates, 

followed by the application of methods such as Wilson’s FG matrix method for NCA [105]. The 

predicted potential energy distribution (PED) in the NCA indicates the percentage contribution of each 

symmetry coordinate to the calculated wavenumbers. In 2013, Jamróz [106] developed the computer 

code VEDA , vibrational energy distribution analysis, which performs NCA directly from the output 

file of the widely utilized Gaussian package in quantum chemistry. According to findings by Mohamed 

et al. [21], this algorithm cannot provide adequate accuracy to deliver comprehensive vibrational 

assignments for all fundamentals due to neglect of symmetry elements while mixing molecular 

vibrations.  A comparison between the experimental vibrational spectra and theoretical predictions was 

essential for accurate assignment of the observed Raman and IR bands, as well as for a thorough 

understanding of the molecular geometrical structure. Consequently, the theoretical IR/Raman spectra 

can be simulated utilizing vibrational frequencies, Raman scattering activities, and infrared intensities 

derived from QM calculations. The theoretical framework for simulating IR and Raman spectra was 

partially outlined by Mohamed et al. [107]. Shaaban and coworkers simulated the IR and Raman 

spectra for the most stable conformer of the keto 4-Methyl-2-hydroxyquinoline using DFT (B3LYP, 
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ωB97XD, and mPW1PW91) calculations with a 6–311+G(2d,p) basis set [108]. Agreement in band 

positions after scaling and agreement in band intensities are different criteria. Harmonic frequencies 

depend mainly on the potential-energy curvature and are corrected by scale factors, whereas IR 

intensities depend on dipole-moment derivatives and Raman activities on polarizability derivatives, 

which are more sensitive to the functional and basis set (diffuse functions are particularly important 

for Raman). The double-harmonic approximation ignores anharmonic effects such as Fermi 

resonances, which redistribute intensity. Experimental conditions also matter: Raman intensities 

depend on the excitation wavelength and temperature (calculated activities must be converted to 

scattering intensities), and IR spectra recorded as solids or by ATR are affected by intermolecular 

interactions, packing and band-shape distortions, while matrix isolation shifts bands. The choice of 

line shape and width in simulated spectra further changes apparent intensities. Thus, the weaker 

simulated intensities below 1600 cm⁻¹ in Figure 6, caused by the very high computed ν(C=O) intensity 

(860 km/mol), reflect both calculation limits and solid-state effects. 
 

4.2 Nuclear Magnetic Resonance (NMR) Spectroscopy 

Nuclear magnetic resonance (NMR) is a principal method used to elucidate the molecular 

structure of organic molecules. QM computations are essential for the assignment of NMR spectra and 

the investigation of molecular conformations, especially for flexible and complex molecules [23]. DFT 

using the Gauge-Including Atomic Orbital (GIAO) methodology is a widespread QM technique 

applied to calculate NMR parameters, such as chemical shifts and spin-spin coupling constants [104]. 

The DP4+ probability method is a significant technique that combines QM calculations with NMR 

data to improve the accuracy of conformational predictions [109]. In the context of structural 

elucidation, the implementation of ML models, such as the iShiftML, in computational NMR has 

resulted in exceptional accuracy in predicting chemical shifts at significantly reduced computational 

costs, thereby enhancing the correlation between experimental and calculated data to ascertain the most 

probable structures [110].  

Comparative analyses of experimental and computationally predicted values for NMR 

chemical shifts and coupling constants have been utilized in various structural elucidation challenges. 

These include the determination of relative stereochemistry in flexible organic compounds [111], 

elucidation and reassignment of natural product structures [112], identification of byproducts in 

synthetic reactions [113], inference of macromolecular conformations in cyclic peptides [114], and 

correction of misassignments in the literature [115]. Shen et al. conducted a recent study analyzing 

literature from the past decade, identifying over 200 cases of misassigned natural compounds [116]. 

NMR misassignment errors constituted the most common type of mistake, representing 23% of the 

total errors [117]. 
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Figure 6.  Experimental Raman (left, 3500–100 cm−1) and IR (right, 4000−400 cm−1) spectrum  of 4-

Methyl-2-hydroxyquinoline (A) compared to the simulated spectrum for keto- MQO using scaled 

frequencies from B3LYP (B), ωB97XD (C) and mPW1PW91 (D) methods at 6–311+G (2d,p) basis 

set [108]. 

 

Hexacyclinol is a natural product recognized as a significant example of utilizing NMR 

calculations for structural reassignment and elucidation. After its isolation and initial investigation of 

the molecular structure (Figure 7A), La Clair et al. in 2006 presented a total synthesis of hexacyclinol 

[118]. However, the measured NMR spectra of the synthetic product were inconsistent with the 

initially proposed structure, resulting in a controversy within the literature. Resolution was achieved 

when Rychnovsky proposed a revised structure (Figure 7B) according to calculations of 13C NMR 

chemical shifts [119]. That year, this structure was validated using total synthesis and X-ray 

crystallography [120]. This case illustrates that the calculation of NMR parameters can effectively 

prevent the misassignment of natural product structures, thereby conserving valuable time and 

resources that would then be spent on total synthesis for structural elucidation [112, 121]. 
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Figure 7. Originally proposed (A) and revised (B) structure of hexacyclinol [112]. 

4.3 UV-Vis and CD Spectroscopy 

Ultraviolet-visible (UV-Vis) spectroscopy is a key analytical method employed to investigate 

electronic transitions in molecules, offering information about their electronic structure and 

conjugation. TD-DFT calculations with functionals such as B3LYP and CAM-B3LYP lead to accurate 

predictions of UV-visible spectra by calculating vertical electronic transitions and oscillator strengths, 

resulting in peak locations (λmax) and intensities (ε), respectively [104]. Wavefunction-based 

approaches, like EOM-CCSD, provide enhanced precision for complex systems, but at a higher 

computational cost [122]. Electronic circular dichroism (ECD) spectroscopy is an effective chiroptical 

method for determining the absolute configuration of chiral molecules through the measurement of 

differential absorption of left- and right-circularly polarized light [123]. ECD spectra exhibit 

significant sensitivity to molecular conformation, thereby requiring TD-DFT calculations for different 

conformers to aid in precise assignments [124]. 

The UV-Vis spectral study of tetrahydroquinolines (THQs) revealed that TD-DFT effectively 

assigned long-wavelength absorption bands to π→π* transitions, showing strong correlation with 

experimental findings [125]. The investigation of cyclohexane derivatives indicated that TD-DFT 

effectively simulates far-ultraviolet (FUV) spectra, elucidating the influence of axial and equatorial 

substitutions on electronic transitions, essential for comprehending conformational preferences [126]. 

The absolute configuration of racemic chlorpheniramine was found via chiral HPLC analysis and TD-

DFT [127]. TD-DFT computations were used to examine the UV and CD spectra of selenium/tellurium 

chelates, yielding insights into their chiroptical characteristics [128]. 

5. Case Studies 

This section presents four carefully selected cases in which spectral analysis, along with QM 

computations, yields precise conformational analysis. 

The four case studies were selected because they (i) pair a quantitative experimental observable 

with calculations at an explicitly stated level of theory, (ii) together cover the main spectroscopic 

probes discussed in Section 4 (vibrational, including matrix-isolation, NMR chemical shifts and J-
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couplings, and chiroptical ECD/OR), (iii) span different molecular classes (organosilicon ring, small 

conjugated nitrile, a flexible drug, and a natural product) and (iv) illustrate different outcomes, namely 

agreement with the lowest-energy conformer (Sections 5.1–5.2) and cases in which the global 

minimum was not the experimentally observed species (Sections 5.3–5.4). Section 5.2 is based on the 

authors’ earlier work [21]; it was included because it provides a complete vibrational (NCA/PED) 

assignment. 

5.1 1–chloro-1-chloromethylsilacyclohexane 

Recent research by Stocka et al. (2022) on 1-chloro-1-chloromethylsilacyclohexane (1-Cl-1-

ClMSiCH) illustrates the integration of vibrational spectroscopy (Raman, ATR-FTIR, and matrix 

isolation FTIR) and QM calculations for conformational analysis [129]. This study theoretically 

proposed 38 canonical conformers based on ring conformation (chair, boat, envelope, or skew-boat), 

the axial/equatorial positioning of the Si‒Cl bond, and the cis/trans/gauche orientations of Cl and 

CH2Cl. Using DFT-B3LYP and ab initio-MP2 calculations utilizing the aug-cc-pVTZ basis set, the 

authors determined that the chair axial trans conformation (Figure 8a) represents the global energy 

minimum structure. With an energy increase of 1.04 kcal/mol, the chair equatorial trans conformer 

was the second most stable, followed by axial gauche (1.39 kcal/mol) and equatorial gauche (1.65 

kcal/mol). Owing to the small energy differences, the authors stated that all four lowest energy chair 

conformers (Figure 8) coexist at room temperature, confirmed by the experimentally observed 

vibrational spectra. Through the comparison of experimental spectra with the calculated spectra of 

various conformers, the researchers successfully assigned specific bands to the four lowest energy 

chair conformers [129].  

Figure 9 presents the ATR-FTIR and Raman spectra, along with those calculated for the most 

stable conformers. From ATR FTIR spectrum, the existence of the equatorial trans and axial gauche 

conformers is evidenced by weak shoulder observed at 791 cm-1 and the shape of the right slope of the 

777 cm-1 band. The observed Raman band at 753 cm-1 supports the presence of low energy conformers, 

as no calculated axial trans conformer bands are found at this wavenumber. The authors performed 

matrix isolation experiments to clarify the overlapping bands in the ATR-FTIR spectrum. The matrix 

isolation spectra are shown in Figure 10, particularly in the 900-500 cm-1 range, where significant 

discrepancies among the computed spectra of the four conformers are evident. 
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Figure 8. Chair conformers of the 1-Cl-1-ClMSiCH in axial/equatorial, trans/gauche conformation 

[129]. 

 

Three distinct bands were identified in the IR spectra of Ne/N2 matrices at 804 cm-1, 786 cm-

1, and 772 cm-1, which are identified to the axial trans conformer and assigned to ring deformation 

modes and Si-C stretching. The very strong IR band detected at 778 cm⁻¹ in nitrogen and 780 cm⁻¹ in 

neon matches the calculated wavenumber of 786 cm⁻¹ for the equatorial gauche conformer, attributed 

to the stretching vibrations of Si‒C and C‒C bonds. 

 
Figure 9. a) ATR (left) and Raman (right) experimental spectra of 1-Cl-1-ClMSiCH, calculated 

spectra of b) all conformers, c) axial trans, d) equatorial trans, e) axial gauche, f) equatorial gauche. 

This figure taken from Ref. [129].  
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The authors predicted the abundance of conformers by analyzing the integral intensity ratios 

of the spectral bands associated with different conformers. The nitrogen matrix concentrations are as 

follows: 81.3% for axial trans, 12.2% for equatorial trans, 2.6% for axial gauche, and 3.9% for 

equatorial gauche. The values are in qualitative agreement with those theoretically computed using the 

Boltzmann distribution at room temperature: 73%, 12%, 9%, and 6%, respectively. However, the 

theoretical populations (73/12/9/6%) differ appreciably from the matrix-derived ones, since matrix 

deposition may freeze non-equilibrium populations. 

 

Figure 10 Infrared absorption spectra of 1-Cl-1-ClMSiCH isolated in neon at 3 K (left panel) and 

nitrogen (right panel) at 17 K, (b) after annealing at 9 K for neon and 35 K for nitrogen; and calculated 

spectra of (c) all conformers, (d) axial trans, (e) equatorial trans, (f) axial gauche, (g) equatorial 

gauche. This figure taken from Ref. [129]. 

 

5.2 Centrosymmetric (2Z,4Z)-Hexa-2,4-dienedinitrile 

The conformational analysis and detailed vibrational (IR/Raman) assignment for 

centrosymmetric (2Z,4Z)-Hexa-2,4-dienedinitrile (HDDN) was reported by Mohamed et al. [21], 

supported by DFT and ab initio calculations. As shown in Figure 11, the authors proposed three 

conformers for HDDN that correspond to the C2h (trans), C2v, and C2 (gauche) point groups, attributed 

to the internal rotations around the central C‒C single bond. DFT (B3LYP, M05-2X, and M06-2X) 

and ab initio (MP2 and MP4) calculations utilizing 6-31G(d) and 6-311+G(d,p) basis sets indicated 
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that the trans HDDN (C2h) is the most stable conformer. The C2v and gauche (C2) conformers were 

determined to be energetically less favorable than the most stable C2h by 12.18–13.70 and 6.51–8.18 

kcal/mol, respectively. The C2v conformer was identified as a transition state characterized by an 

imaginary wavenumber. These findings are confirmed by PES scans for internal rotation around the 

central C‒C bond. The preference for the C2h conformer coincides well with Raman and IR spectral 

analysis. 

 

Figure 11. Equilibrium geometries of the proposed conformers of HDDN [21]. 

 

This study confirmed the preference for the trans HDDN conformer in solution by comparing 

experimental and estimated spin-spin coupling constants [21]. The estimated/observed J value (H9-

H10) of 10.19/10.8 Hz clearly supports the C2h conformer in deuterated chloroform over the gauche-

C2 conformer (J = 4.81 Hz) after the exclusion of the transition state (C2v). 

The identification of the C2h conformer was achieved through the analysis of observed Raman 

and IR spectra, in conjunction with the calculated vibrational frequencies. The single wavenumber is 

estimated at 999 cm-1 for the trans isomer, while three distinct estimated bands are observed at 998, 983, 

and 980 cm-1 for the gauche form. The strong Raman band observed at 962 cm-1 is neither split nor 

composite, indicating that it corresponds to the oop C‒H (12) mode of the trans conformer. The authors 

presented comprehensive vibrational assignments of HDDN, utilizing NCA and PEDs in conjunction 

with calculated vibrational frequencies and force constants for the trans conformer exhibiting C2h 

symmetry [21]. Consequently, 48 internal coordinates (Figure 12) were utilized to derive 42 symmetry 

coordinates (Table 5) employing the conventional Wilson GF method. Due to the mutual exclusion 

principle, we have categorized the thirty fundamental vibrations into 15 g modes (11 Ag + 4 Bg), which 

are only Raman active, and alone IR active 15 u modes (5 Au + 10 Bu). Tables 6/7 provide the observed 

Raman/IR bands along with their precise assignments to the normal modes of trans HDDN. 
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Figure 12. Atom numbering and internal coordinates definition of trans HDDN [21]. 

 

Table 5. Symmetry coordinates* for HDDN (trans conformer, C2h) [21]. 

Species i Definition Symmetry coordinate* 

Ag 1 C‒H symmetric stretch S1 = a1 + a2 + b1 + b2 

 2 C‒H symmetric stretch S2 = a1 + a2 ‒ b1 − b2 

 3 CN symmetric stretch S3 = q1 + q2  

 4 C=C symmetric stretch S4 = R1 + R2  

 5 C‒Hterminal in-plane bend S5 = 1 – 1 + 2 – 2  

 6 C‒Hcentral in-plane bend S6 = 1 – 1 + 2 – 2  

 7 C‒Ccentral stretch S7 =  T   

 8 C‒Cterminal symmetric stretch S8 = r1 + r2 

 9 C=C–C in-plane bend S9 = 21 – 1 – 1 + 22 – 2 – 

2  

 10 C‒CN in-plane bend S10 = 1 + 2  

 11 C=C–C in-plane bend S11 = 21 – 1 – 1 + 22 – 2 

– 2  

Bg 12 C‒H out-of-plane bend S12 = 1 + 2 – 1 – 2  

 13 C‒H out-of-plane bend S13 = 1 + 2 + 1 + 2  

 14 CCCC twist (C=C wag) S14 = 1 – 2 

 15 C-CN out-of-plane bend (C‒Cterminal 

wag) 

S15 = 1 – 2 

Au 16 C‒H out-of-plane bend S16 = 1 – 2 + 1 − 2  

 17 C‒H out-of-plane bend S17 = 1 – 2 – 1 + 2  

 18 C-CN out-of-plane bend (C‒Cterminal 

wag) 

S18 =  1 – 2 

 19 CCCC wag (C=C wag) S19 = 1 + 2 

 20 C-Ccentral torsion S20 = 1 

Bu 21 CH antisymmetric stretch S21 = a1 − a2 − b1 + b2 

 22 CH antisymmetric stretch S22 = a1 ‒ a2 + b1 − b2 

 23 CN antisymmetric stretch S23 = q1 − q2  

 24 C=C antisymmetric stretch S24 = R1 – R2  
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Species i Definition Symmetry coordinate* 

 25 C‒Hcentral in-plane bend S25 = 1 – 1 – 2 + 2  

 26 C‒Hterminal in-plane bend S26 = 1 – 1 – 2 + 2  

 27 C-Cterminal antisymmetric stretch S27 = r1 – r2  

 28 C=C–Cterminal antisymmetric bend S28 = 21 – 1 – 1 – 22 + 2 

+ 2  

 29 C-CN antisymmetric bend S29 = 1 – 2  

 30 C=C–Ccentral antisymmetric bend S30 = 21 – 1 – 1 – 22 + 2 

+ 2  

*Symmetry coordinates are not normalized, for internal coordinates definitions, see Figure 12.  

 

Table 6. Observed Raman bands and calculated symmetric wavenumbers (Ag and Bg) for trans 

HDDN [21]. 

Sp. i 
Approximate 

description a 

B3LYP/6-311+G(d,p) 

Observed 

Raman  Unscaled 

Scaled 
b 

R act. 
c 

Rel. 

Int. c PED  

Ag  s C‒H   3187 3041 252 0.65 87S1 12S2 3050 sh, w 

  s C‒H   3166 3021 39.7 0.1 88S2 12 S1 3045 w 

  s C≡N   2321 2226 1171 5.14 89S3 11S8 2216 m 

  s C=C  1665 1647 1405 10 60S4 20S6 11S7 1613 vs 

  ip C‒Hterm  1452 1395 21.8 0.19 45S5 32S6 - 

  ip C‒Hcent 1277 1230 336.6 3.41 45S6 23S5 17S7 1236 s 

  s C‒Ccent 1117 1093 8.5 0.1 

28S7 27S5 11S8 

18S9 - 

  s C‒Cterm 894 888 18.2 0.29 60S8 12S4 12S7 880 m 

  ip C=C‒Ccent  762 754 0.5 0.01 

26S9 22S7 13S10 

28S11 - 

  ip C-C≡N   407 404 6.7 0.3 52S10 32S9 403 m 

  ip C=C‒Cterm 136 135 20.6 5.16 

53S11 13S9 

32S10 156 m 

Bg  oop C‒H 999 999 13.2 0.18 100S12 962 m 

  oop C‒H 819 819 2.8 0.05 88S13 801 w 

  twist CCCC 616 616 13.2 0.34 84S14 15S15  592 s 

   C‒Cterm 321 320 0.6 0.04 63S15 35S14 310 m 
a Notations for fundamentals: s, symmetric; as, antisymmetric; ip, in-plane; , stretch; , bending 

and , wagging. 
b Scaling factors of 0.91 and 0.90 for CH/C≡N stretches and ip CH, respectively; 1.0 for heavy 

atom stretches and bends; 1.0 for  CH.   
d Calculated Raman activities in Å4/mol. Relative intensities were scaled out of 10 from NCA. 
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Table 7. Observed infrared bands and calculated anti-symmetric wavenumbers (Au and Bu) for 

trans HDDN [21]. 

Sp. i 
Approximate 

description a 

B3LYP  
Observed 

IR   Unscaled 

Scaled 

b 

IR int. 
c 

Rel. 

Int. c PED  

Au  oop C‒H 1025 1025 1 0.14 100S16 982 m 

  oop C‒H  784 784 68.3 10 71S17 10S18 750 vs 

   C‒Cterm 478 478 3.8 0.56 

60S1813S17 

32S19 468 s 

  τ CCCC 248 248 9.7 1.42 

53S19 25S18 

18S20 245 s 

  τ CCCC cent 57 57 11.9 1.75 

66S20 

10S1723S19  - 

Bu  as C‒H   3189 3043 1.7 0.25 97S21 3072 m 

  as C‒H   3174 3028 7.7 1.13 98S22 3057 m 

  as C≡N   2322 2227 39 5.71 89S23 11S27  2225/2213 s 

  as C=C 1615 1606 4.7 0.69 82S24  1573/1555 m 

  ip C‒Hcent 1381 1316 3.9 0.57 54S25 37S26 1346 m 

  ip C‒Hterm 1233 1176 2 0.29 53S26 36S25 1200 s 

  as C‒Cterm 965 955 11.8 1.73 65S27  942 s 

  ip C=C‒Cterm 644 638 1.1 0.15 49S28 26S29 632 s 

  ip C-C≡N   328 325 0.3 0.04 51S29 42S30  323 s 

  ip C=C‒Ccent 100 99 16.4 2.4 46S30 3528 20S29  - 
a Notations for fundamentals: s, symmetric; as, antisymmetric; ip, in-plane; , stretch; , bending 

and , wagging. 
b Scaling factors of 0.91 and 0.90 for CH/C≡N stretches and ip CH, respectively; 1.0 for heavy 

atom stretches and bends; 1.0 for  CH.   
c Calculated infrared intensities in km/mol.  Relative intensities were scaled out of 10 from NCA. 

 

5.3 Chloroquine (CQ) drug 

 Hernandes and coworkers reported the conformational study of Chloroquine (CQ, Figure 13) 

in solution by DFT calculations and NMR spectral analysis in three solvents: water, chloroform, and 

DMSO [130]. CQ has served as a standard antimalarial drug since the early 1950s and has received 

approval from health authorities in certain countries for its experimental use in treating COVID-19. 

The authors investigated 30 trial conformers for CQ through a comprehensive conformational search, 

varying eight dihedral angles (as shown in Figure 13) to identify all plausible conformations that may 

exist in solution. A total of 30 proposed molecular conformations were fully optimized using the 

ωB97x-D/6-31G(d,p)-PCM calculations.  
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Figure 13. Structural formulas of chloroquine and the numbering adopted. Torsion angles (ϕ1, ϕ2, ϕ3, 

ϕ4, ϕ5, ϕ6, ϕ7 and ϕ8) are relevant for conformational analysis [130]. 

  

 The optimized geometries for all suggested conformations (M1-M30) are shown in Figure 14. 

Using DFT calculations, 1H NMR chemical shifts for M1-M30 conformers were computed to identify 

the best match with those experimentally observed in solutions. The computational results indicate that 

conformer M24 represents the global minimum-energy structure (lowest relative ΔG value) across all 

three solvents. It is stabilized by intramolecular hydrogen bonding between the hydrogen of the N−H 

group and a nitrogen atom attached to two alkyl groups.   

 The experimental 1H NMR data were acquired in three deuterated solvents, D2O, CDCl3, and 

DMSO-d6, which served as references for comparison with computed chemical shifts. This approach 

aims to identify the best correspondence with experimental results through the analysis of RMSD 

values and the experimental 1H NMR profile. Figure 15 illustrates the experimental 1H NMR spectra 

in comparison with those computed for selecting optimized conformers. Accordingly, the global 

minimum-energy structure, M24, was not validated in all solvents owing to its inconsistent NMR 

profile, notably its undetected large chemical shift for N–H (~9 ppm).  As shown in Figure 15, the 

optimized conformation M12 demonstrates the most accurate alignment with the observed 1H NMR 

profile in D2O. However, structure M8 exhibits a nearly perfect match with the experimental 1H NMR 

spectrum in chloroform and DMSO (Figure 16), demonstrating the solvent's influence on 

conformational preferences. These findings indicate that, for chloroquine, spectroscopic analysis 

(NMR matching) was a more discriminating criterion than the calculated relative free energies for 

ascertaining solution-phase conformations, underscoring M12 and M8 as significant structures for 

forthcoming drug interaction investigations. 
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Figure 14. ωB97x-D/6-31G(d,p)-PCM-Water fully optimized structure of chloroquine (conformations 

M1–M30). This figure sketched using structure form supplement materials of Ref. [130] 
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Figure 15. Experimental in D2O (a) and B3LYP/6-31G(d,p)−PCM−water 1H NMR spectra (b−g) for 

selected optimized structures of CQ. This figure taken from Ref. [130].  

 

5.4 Absolute Configuration of Fusariumin A  

The absolute configuration of Fusariumin A has been confirmed to be (2'R,3'R) through a combination 

of NMR techniques utilizing residual dipolar coupling (RDC) and chiroptical ECD spectroscopy, 

supported by TD-DFT calculations [131, 132]. Fusariumin A (Figure 17A) is an alkylpyrrole 

derivative extracted from the fungus Fusarium sp. 
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Figure 16. Experimental (left in CDCl3; right in DMSO-d6) and calculated 1H NMR spectra for various 

optimized structures of CQ. This Figure taken from Ref. [130] 

 

This compound includes two adjacent stereocenters within a flexible alkyl chain, and their 

relative configuration could not be established through conventional NMR methods. A systematic 

conformational search discovered the possible conformers of the 2'R,3'R diastereomer of Fusariumin 

A. Considering the high flexibility of the alkyl chains in Fusariumin A, this search focused solely on 

the rotations around the three bonds nearest to the stereocenters, while maintaining the two alkyl chains 

in the most stable all-trans conformation. The rotatable bonds included in the conformational search 

are indicated in red in Figure 17A. This technique yielded 12 conformers for the 2'R,3'R diastereomer. 

Of these, only conformer 11 (Figure 17C) demonstrated a satisfactory fit with the experimental RDCs 

and was consistent with all measured NOEs and J-couplings [131]. The conformer with the lowest 

energy, as determined by DFT calculations, was conformer 2; nevertheless, it was incorrect since it 

did not correspond with the observed RDCs and NOEs (Figure 17B). Conformer 11 was the second-

lowest energy structure, with an energy increase of 1.04 kcal/mol (ΔG = 1.1 kcal/mol). TD-DFT 

computations (B3LYP/6-31G*) were used to predict the ECD spectra of conformations 2 and 11 in 

DMSO employing the IEFPCM solvation model, in order to ascertain the exact configuration. The 
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predicted ECD spectrum for conformer 11 exhibited a negative ECD band that coincided closely with 

the experimental spectrum (Figure 17D), thus confirming the configuration of conformer 11 for 

natural Fusariumin A. The predicted ECD spectrum of conformer 2, identified as the lowest energy 

conformer through DFT calculations, exhibits an opposite sign in comparison to that of conformer 11 

(Figure 17E). 

 

Figure 17. (A) Structure of Fusariumin A. (B) conformer 2 (C) conformer 11 (D) Experimental ECD 

spectrum of Fusariumin A as compared to the predicted ECD spectrum of the (2'R,3'R) enantiomer. 

(E) Predicted ECD spectra for Conformers 2 and 11. This figure adapted from Ref. [132]. 

 

These findings have been verified by the optical rotation (OR) predictions at five distinct 

wavelengths. The anticipated OR values for conformer 11 closely aligned with the observed results, 

however those for conformer 2 had an opposite sign. 

Populations follow from the Boltzmann distribution of relative free energies, so the energy type 

matters: electronic energies neglect vibrational and entropic contributions; Δ(E+ZPE) corrects for 

zero-point effects; and ΔG adds thermal enthalpy and entropy, normally from harmonic frequencies 

within the rigid-rotor/harmonic-oscillator approximation at the stated temperature. Low-frequency 

modes (<100 cm−1) can introduce errors of several kcal/mol in entropy and are often treated with a 

quasi-harmonic correction. Because a 1 kcal/mol error changes a population ratio by a factor of ~5 at 

298 K, for example, that the theoretical populations in Section 5.1 (73/12/9/6%) differ appreciably 
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from the matrix-derived ones (81.3/12.2/2.6/3.9%), since matrix deposition may freeze non-

equilibrium populations. 

These case studies, in particular chloroquine [130] and Fusariumin A [131, 132], show that 

agreement between Boltzmann-weighted calculated and experimental spectra is a necessary 

complement to, and in some cases a more discriminating criterion than, calculated relative energies. 

Calculated stabilities remain essential because they depend on the level of theory, the solvent model 

and the thermal corrections, whereas spectra may also mismatch for these same reasons. The most 

reliable assignments (e.g., DP4/DP4+ [32, 133], hexacyclinol [119, 120]) combine both criteria, and 

detailed protocols for the calculation of NMR chemical shifts are available [134]. 

6. Practical Guidelines for Method Selection 

This section summarises typical starting points for selecting QM methods, basis sets and 

spectroscopic techniques for different classes of compounds (Table 8). These are typical starting 

points that should be validated against a higher-level reference for the system at hand. 

Table 8. Practical guidelines for the selection of QM methods and basis sets 

Task / property Suggested level of theory Suggested basis set Key practical points 

Conformer 

search 
CREST (GFN2-xTB + 

metadynamics) or force-field/MD; 

then DFT re-optimisation 

GFN2-xTB; then def2-SVP 

/ 6-31G(d,p) 
Use an energy window of ~5–6 

kcal/mol; remove duplicates; check 

convergence for >10 rotatable 

bonds 
Geometry + 

frequencies 
Hybrid or range-separated hybrid 

DFT with dispersion (B3LYP-D3(BJ), 

ωB97X-D, M06-2X) or r2SCAN-3c 

Double-zeta with 

polarisation to def2-TZVP 
Same level for optimisation and 

Hessian; confirm no imaginary 

frequencies; apply scale factors 
Relative 

conformer 

energies 

DLPNO-CCSD(T) or double-hybrid 

DFT single points on DFT 

geometries; dispersion-corrected 

hybrid DFT if cost-limited 

Triple-/quadruple-zeta 

(def2-TZVPP, aug-cc-

pVTZ) or CBS extrapolation 

Include ZPE and thermal 

corrections to obtain ΔG; address 

BSSE (gCP/counterpoise) 

NMR shifts and J 

couplings 
GIAO with e.g. mPW1PW91, 

ωB97X-D or WP04 (1H); DP4+ 

analysis 

6-311+G(2d,p), def2-TZVP 

or pcS-n 
Boltzmann-average all relevant 

conformers; implicit solvent 

matching the experiment; linear 

scaling 
IR / Raman Hybrid DFT (B3LYP-D3, ωB97X-D); 

VPT2 where anharmonicity matters 
6-311+G(d,p), def2-TZVP 

(diffuse functions for 

Raman activities) 

Compare frequencies and intensities 

separately; PED/NCA for 

assignment; matrix or solid-state 

effects 
UV-Vis / ECD TD-DFT with range-separated hybrids 

(CAM-B3LYP, ωB97X-D) or PBE0; 

EOM-CCSD / DLPNO-STEOM-

CCSD for benchmarking 

def2-TZVPD, aug-cc-

pVDZ, 6-311+G(d,p) 
Include enough states; Boltzmann-

weight conformers; check charge-

transfer character; implicit/explicit 

solvent 

 

In terms of compound classes, small rigid organics are adequately treated by a single DFT 

workflow; flexible molecules and drug-like compounds require a conformer search plus Boltzmann 

averaging; chiral natural products need ECD/OR/NMR (DP4+) combined analysis; and metal 

complexes need functionals and effective core potentials benchmarked for the metal in question. 
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7. Challenges, Future Perspectives and Conclusions 

Despite considerable advancements in the integration of conformational analysis, 

spectroscopic methods, and quantum mechanical (QM) computations, numerous challenges remain. 

Addressing these limitations is essential for improving accuracy, efficiency, and applicability in 

various chemical systems. A key challenge is the balance between accuracy and computational cost. 

Advanced QM methods involve CCSD and CASSCF, providing highly precise results; nonetheless, 

they are computationally expensive for large molecules with more than 50 atoms. DFT functionals, 

such as B3LYP, M06-2X, and ωB97XD, enable a reasonable balance; however, they may be 

inadequate for systems characterized by strong electron correlation or dispersion-dominated 

interactions [84]. Challenges continue also in the precise modeling of solvent effects and temperature-

dependent behavior. Solvation models, such as PCM and SMD, provide approximations of bulk 

solvent effects while ignoring specific interactions between solute and solvent. Explicit solvent 

modeling, whether through molecular dynamics or QM/MM, enhances accuracy while also elevating 

computational requirements [135]. Most QM calculations assume static structures at absolute zero; 

however, spectroscopic properties are sensitive to temperature variations. Thermal fluctuations may 

be addressed by path-integral methods or MD [136]. QM approaches struggle with large-sized, 

flexible, or multi-component systems (e.g. biomolecules and supramolecular assemblies). Employing 

hybrid QM/MM and coarse-grained models helps the resolution of these challenges [137]. 

Implicit models (PCM, SMD, COSMO) are usually sufficient when the solvent is aprotic and 

weakly interacting (e.g., CDCl3, CCl4, cyclohexane), when the solute lacks strong hydrogen-bond 

donors/acceptors, and when relative energies of neutral conformers or non-exchangeable NMR shifts 

are the target. They become inadequate for (i) protic or strongly coordinating solvents (water, DMSO, 

alcohols) where specific hydrogen bonds or solvent bridges stabilise particular conformers, (ii) charged 

or zwitterionic species, (iii) exchangeable protons (N–H, O–H) whose chemical shifts depend strongly 

on hydrogen bonding, and (iv) chiroptical properties of chromophores with direct solute–solvent 

contacts. In these situations the cluster–continuum approach (a few explicit solvent molecules plus a 

continuum) is the minimum, with ab initio/classical MD sampling and averaging of QM properties 

over snapshots, or QM/MM, required when the solvation shell is dynamic. The chloroquine case 

(Section 5.3), where the N–H shift of the lowest-energy conformer M24 was not observed 

experimentally, is a typical example in which specific solvent interactions may contribute to the 

mismatch. 

Future research should integrate computational methods with experimental validation to 

improve conformational analysis and spectral predictions. QM methods and ML-accelerated 

calculations will enhance accuracy while minimizing computational costs. Hybrid QM/MM and 
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fragment-based methods will enable the study of large biomolecules and materials, while explicit 

solvation models and molecular dynamics will clarify the effects of solvent and temperature. 

Automated workflows that integrate machine learning, quantitative methods, and experimental data 

will enhance spectral interpretation, minimizing human bias and improving reproducibility. 

Innovations such as quantum computing and explainable AI present potential solutions for addressing 

complex chemical systems and dynamic processes. Collaborative efforts among computational 

chemists, spectroscopists, and data scientists are crucial for enhancing these methodologies, thereby 

maintaining their significance in drug discovery, materials science, and catalysis. Utilizing these 

advancements will allow researchers to achieve greater precision, faster predictions, and deeper 

understanding of molecular behavior. 

Despite the progress summarised here, four issues limit the reliability of QM-assisted 

conformational analysis today. (i) Free-energy errors: conformer populations depend exponentially on 

ΔG (1 kcal/mol ≈ a factor of 5 at 298 K), yet errors of 1–2 kcal/mol remain common for flexible, 

dispersion-dominated systems and are amplified by harmonic, rigid-rotor thermal corrections. (ii) 

Solvent: implicit models cannot reproduce specific solute–solvent hydrogen bonding, as the 

chloroquine case shows; routine, affordable explicit-solvent or QM/MM-MD protocols are still 

lacking. (iii) Sampling: conformer searches for molecules with more than ~10 rotatable bonds are 

rarely converged, and results are seldom reported with convergence tests. (iv) Reproducibility: studies 

differ in functional, basis set, solvent model and thermal treatment, hampering comparison. We 

therefore recommend (a) benchmarking against a higher-level reference on a representative subset of 

conformers, (b) reporting Boltzmann-averaged rather than single-conformer spectra, (c) reporting the 

type of energy used for populations, and (d) depositing geometries and input files. Machine-learning 

potentials and automated workflows are the most promising route to meet these requirements, but they 

need rigorous, system-class-specific validation before they replace DFT in routine use. 

 

The integration of spectroscopic techniques with QM computations has significantly 

revolutionized the field of conformational analysis, providing structural elucidation with an 

unprecedented degree of precision. Methods based on DFT calculations alongside NMR, IR, and UV-

Vis spectroscopy offer reliable conformational insights for various compounds. Recent DFT 

functionals now provide precise predictions of NMR chemical shifts (within 0.1–0.2 ppm for ¹H NMR) 

and vibrational frequencies (within 5 cm⁻¹ when anharmonic corrections are included). This review’s 

case studies indicate that agreement between Boltzmann-weighted calculated and experimental spectra 

is a necessary complement to, and in some cases a more discriminating criterion than, calculated 

relative energies for ascertaining conformational preference among many feasible conformations; the 
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most reliable assignments combine both criteria. Prospective advancements in computational 

methodologies and machine learning are anticipated to further enhance these investigations, thereby 

increasing their applications in drug discovery, biochemistry, and materials science.  
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