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Highlights (for review)

e Computational IR spectroscopy can help in NPS characterization.

e Statistical models validate theoretical and experimental spectral alignment.
e SWOT analysis shows advantages and limitations of computational tools.
e Machine learning and Al enhance spectral prediction for emerging NPS.
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Towards Analytical Standards for New Psychoactive Substances: The
Contribution of Computational Chemistry and Statistical Methods

Abstract

New psychoactive substances (NPS) present significant challenges for law enforcement and
public health due to their rapid emergence and structural diversity, often outpacing the
development of traditional analytical methods. This review explores using computational
10 chemistry, particularly density functional theory (DFT), to obtain infrared spectra. This
11 combination to characterize NPS began in the 2010s and has gained momentum across all
12 continents in recent years. In the review, we demonstrate that DFT can accurately predict the
spectroscopic properties of NPS. In addition, statistical methods for comparing computational
15 and experimental data were presented. A SWOT (Strengths, Weaknesses, Opportunities,
16 Threats) assessment was performed to assess the potential and limitations of these
computational approaches. Finally, integrating artificial intelligence and developing extensive
19 spectral databases emerge as promising avenues for future research, provided that data
20 reliability and rigorous validation processes are maintained. All these efforts are aligned to
obtain faster responses and keep up with NPS advances.
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1. Introduction

New Psychoactive Substances (NPS) represent a diverse group of compounds not
regulated by the Single Convention on Narcotic Drugs (1961) or the 1971 Convention on
Psychotropic Substances. The term "new" does not necessarily mean recently synthesized but
refers to substances that have gained attention due to their significant potential for abuse and
public health risks. Their structural diversity and rapid emergence highlight the urgent need for
efficient and non-destructive analytical technigues to support decision-making related to these
compounds [1-4].

Fundamentally, spectroscopic techniques rely on the interaction of matter with radiant
energy, which involves transmission, absorption, or reflection. Spectroscopic methods have
demonstrated their effectiveness in providing the necessary insights to address this evolving
issue [5]. In the forensic domain, the SWGDRUG classifies IR spectroscopy as a "Category A"
technique, the highest classification for its selectivity and ability to provide structural
information [6]. Among these techniques, near- and mid-infrared (NIR and MIR)
spectroscopies stand out for their accessible implementation and rapid response time [7-11].
More specifically, they offer quick acquisition of results, non-destructive sample analysis, low-
cost instrumentation, and minimal sample preparation. Moreover, they are versatile, applicable
to liquid, semi-solid, and solid samples [12,13].

To complement spectroscopic methods, computational approaches have become essential
in the characterization of NPS. Experimental methods for spectroscopy of these substances
often require expensive and time-consuming techniques, while the rapid availability of
information is essential to reduce uncertainties about their behavior [14]. Recognizing the
limitations in drug detection also paves the way for the development of alternative
methodologies capable of addressing the challenges posed by NPS [15]. Computational
methods predict spectral properties without requiring physical samples or laboratory resources,
making them sustainable and cost-effective alternatives. By eliminating the need for reference
standards, computational tools enable systematic studies of emerging compounds and provide
reliable data for substances with limited prior characterization [16]. In the case of NPS, too
many structural similarities can compromise assertive identification [17-19].

This study aims to evaluate the role of computational approaches in the characterization
of NPS through infrared spectroscopy. Understanding these substances can enhance decision-

making and address challenges related to NPS.
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2. Short Background

In chemistry history, many theories and methods have been proposed, but in the last
century, an approach that has shown effective for quantum chemical calculations was Density
Functional Theory (DFT) [20-24]. Building upon the foundational work of Hohenberg and
Kohn (1964) [25] and the practical framework introduced by Kohn and Sham (1965) [26], DFT
reformulates the many-electron problem in terms of the electron density rather than the many-
body wavefunction [27-29].

In quantum mechanics, the energy levels associated with particle motion are quantized in
bound systems, meaning particles can only occupy discrete energy levels for translational,
rotational, and vibrational motions. Electrons can also undergo transitions between quantized
electronic energy levels [30]. Specifically, DFT expresses the total electronic energy as a
function of the electron density, which is composed of different components: the kinetic energy,
the electron-nucleus attraction energy, the classical Coulomb electron-electron repulsion
energy, and the exchange-correlation energy functional (E,.).[27,31]. E,.. arises from quantum
mechanical effects, including exchange effects, originating due to the antisymmetry of the
electronic wavefunction, reflecting the Pauli exclusion principle; and correlation effects, arising
from the dynamic correlation of electron motions that are not captured by the mean-field
approximation [11,27,32-34]:

Pure DFT methods utilize various exchange-correlation functionals to approximate the
exchange and correlation energies of a system. For instance, the BLYP functional combines
Becke's exchange functional [35] with the Lee-Yang-Parr correlation functional (LYP) [36],
which is derived from the Colle-Salvetti correlation energy formula and depends on the electron
density and its gradient [37]. Hybrid methods, such as B3LYP (Becke, three-parameter, Lee-
Yang-Parr), are frequently used in organic molecule analysis. B3LYP incorporates a mixture
of exact Hartree-Fock exchange with DFT exchange-correlation functionals, with parameters
determined empirically [11,27,29]. These methods yield discrete values for energy and
structural parameters (bond lengths and angles). In quantum chemical calculations, including
DFT, basis sets are used to represent atomic orbitals and electron distributions, and the choice
of basis set is crucial for accurately describing the valence shell and obtaining reliable results.

The mathematical representation of the valence shell is an essential factor for achieving
convergence and accurate results in quantum chemical calculations. Basis sets are collections
of functions used to describe the atomic orbitals in molecules [38,39]. One widely used family
of basis sets is the Pople basis sets, developed by John Pople and co-workers. These basis sets

distinguish between core (inner-shell) and valence electrons by employing split-valence
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orbitals. The 3-21G basis set is one of the simplest in this family and serves as a starting point
for many calculations. In the 3-21G basis set, the core orbitals are represented by a single
contracted Gaussian function composed of three primitive Gaussian functions. The valence
orbitals are split into two parts: one represented by a contraction of two primitive Gaussian
functions and another by a single primitive Gaussian function [40].

Building upon this, the 6-31G basis set provides a more flexible and accurate description
[41]. These split-valence basis sets allow for a better representation of valence electron
distributions, which is essential for accurately modeling chemical bonding and reactions [42].
For atoms in the second and third periods of the periodic table, adding d-type polarization
functions improves the description of molecular properties [28,29]. For hydrogen and other
atoms where s-functions are the valence functions, adding p-type polarization functions can be
beneficial. The addition of polarization functions is indicated in the basis set notation [43,44].

It is important to note that Pople-type basis sets [44] are just one option among many.
Other basis sets, each designed with different corrections, approximations, and representations,
are also commonly used. For example, the Sadlej sets (e.g., DZP, TZ2P, Sadlej-pVTZ) are
optimized for accurate calculations of electric properties, such as dipole moments and
polarizabilities [45]. Dunning's correlation-consistent basis sets, known as cc-pV*Z (where *
represents the cardinal number D, T, Q, etc., for double, triple, quadruple zeta), such as cc-
pVDZ and cc-pVTZ, are designed for systematic convergence in correlated calculations [46].
Effective Core Potential (ECP) basis sets, including LANL2DZ[47,48] and SDD [49], replace
the inner core electrons of heavy atoms with a potential, reducing computational cost while
effectively modeling core-valence electron interactions. The Ahlrichs basis sets include SVP
and TZVP [50]; their improved versions, the def2 basis sets (e.g., def2-SVP, def2-TZVP, def2-
TZVPP), offer enhanced accuracy and efficiency [51]. These diverse basis sets provide a range
of options for performing detailed spectroscopic and electronic structure analyses, aiding in the
characterization and differentiation of a wide variety of molecules.

Spectroscopic responses can be obtained using these sets of functionals and bases, as this
response shows the interaction between matter and electromagnetic radiation as a function of
the radiation’s wavelength or frequency. It examines the absorption, emission, or scattering of
energy by atoms and molecules [10]. Spectroscopy provides graphical representations, known
as spectra, which depict the amount of energy absorbed or emitted by molecules and atoms at
different wavelengths or frequencies [52]. The theoretical spectra show the harmonic oscillator
approximation, where chemical bonds are modeled as idealized springs exhibiting simple
harmonic motion. Nevertheless, real molecular vibrations deviate from this simplified model

due to anharmonicity—the potential energy surface of a real molecule is not perfectly parabolic,
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especially at higher vibrational energies where bond stretching can lead to bond breaking
[34,53,54].

In addition, computational methods often require experimental reference data to
accurately align theoretical predictions with observed infrared spectra. Through the integration
of theoretical calculations and experimental data, it is possible to obtain key information about
chemical structures, enabling more accurate spectroscopic characterization [55]. This
synergetic, integrated approach has found extensive applications in fields such as materials
science, molecular design, and structural analysis, where precise understanding and prediction

of molecular behavior are critical.

3. DFT Applications

Density functional theory (DFT) has widespread applications across various fields, driven
by advancements in computational power and improved correlations between theoretical and
experimental results. These developments have enabled the exploration of new areas such as
metalloproteins [56], electrocatalysis [57], bioelectrochemistry [58], batteries [59], diseases
[60], and many others [32,61-63]. In addition to these applications, the forensic field has greatly
benefited from DFT, particularly in the identification and characterization of drugs of abuse.

Quantum chemistry calculations, such as those using DFT, are valuable tools for
obtaining spectroscopic information, including vibrational frequencies corresponding to the
fundamental vibration modes of molecules. These computationally derived frequencies can be
directly correlated with vibrations observed in the NIR (near infrared) and MIR (mid infrared)
regions of the spectrum. While some studies have extended these analyses to FIR [53,55],
research in this area remains relatively scarce compared to the more extensively studied NIR
and MIR regions. Comparisons between theoretical and experimental spectra allow for the
assignment of specific absorption bands to discrete energy values associated with
computationally obtained vibrations. This process involves analyzing the relative intensities
and positions of peaks in the spectra, enabling the validation of theoretical models and refining
the understanding of the molecular vibrations [55,64,65].

This combination of theoretical and experimental approaches facilitates the accurate
differentiation of structurally similar molecules—those with closely related chemical structures
or functional groups [55]. This is particularly valuable in cases where experimental techniques
alone may struggle to distinguish between such molecules, as exemplified by fentanyl analogs
[66], synthetic cannabinoids [67], and cathinones [68]. Ensuring optimal alignment between
simulated and experimental data depends critically on the choice of the appropriate DFT
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functional. For example, Dogruer Erkok et al. (2024) [66] advise against using B3LYP without
dispersion corrections for fentanyl analogs, recommending instead the ®B97X-D functional
[69] as a better choice. In the case of fluorinated molecules, Kreienborg and Merten (2019) [70]
highlight the superior performance of the M06-2X functional [71] over B3LYP for these
systems [72]. Similarly, Dzodi¢ et al. (2024) [73] demonstrated that the M05-2X functional
[74], an earlier generation Minnesota-type functional related to M06-2X, outperformed B3LYP
in describing benzodiazepines and their common adulterants or diluents.

Figure 1 summarizes the results of a bibliographic search for studies employing
computational methods to simulate the infrared spectra of psychoactive substances. It provides
details on the year of publication, the country of the corresponding author’s institution, the DFT
functionals and basis sets utilized, the application of Grimme’s empirical dispersion corrections

[75-77], the computational software and its version, and the class of substances investigated.

A. Year o C. Funcional =i} ]). Basis O

18.6% 16.3%

7.0% B3LYP

B3PW91
Others
CAM-B3LYP
PBEO

2023
7.0% | 4.7% M06-2X
MP2
rd 2012 wB97XD
2020 4.7% w97XD

MO5-2X
7.0% 2014 2015 RHF

2019
2024 2022 2016 (2018

B. Countries ® E. Substances O

@

—_— 2.1% 2.1%

488%  6311++G(dp)
6-31G(d.p)

Others

6-311G(d.p)

TZVP

cc-pVTZ

ang-ccpVDZ

6-31+G(d)

aug-ccpVIZ
6-311+G(d.p)

27.7%

4.7%
4.7%

4.7%

¢ B,
t%%

19.1%
14.9%

erEnsny

10.6%

11.6%

Croatia Germany
Iran = Portugal
= Russia = Sweden

= The Netherlands = Turkey
“ = UK u Ukraine
14.0%

20.9%

16.3%

Many

Piperazines

Other substances

(Benzodiazepines
family)

Synthetic cannabinoids

Synthetic cathinones

Phenethylamines

Other substances

»
43
=
£
%
]
7
o
o
2
@
=
=
=
=

Figure 1. Information present in the evaluated articles on the use of DFT to obtain spectra in
the infrared region for NPS being (A) the years in which the works were published and the
respective percentage of the total (43); (B) the countries of the corresponding authors; (C) the
main functionals used in the analyzed works and (D) the respective bases; and (E) the classes
of substances studied in the selected articles.

The first studies using theoretical chemistry to simulate the infrared spectra of NPS

emerged in the early 2010s, around the same time as the first reports of seizures of these
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substances. Since then, the application of these methods has expanded across various studies
and substance types, with researchers conducting studies on nearly every continent. Based on
the information in Figure 1, the most used combination of DFT functional and basis set is
B3LYP (48.8%) with a Pople-type basis (specifically 6-311++G(d,p) with 26.1%). This
combination is particularly effective for organic structures due to the intrinsic parameters of the
functional.

The countries that stand out with the highest number of publications on the subject were
Brazil (20.9%), India (16.3%) and Poland (14.0%). However, other countries stand out and
have publications with more significant impact. When we evaluate the substances studied and
according to the UNODC classification, the main ones were phenylethylamines (19.1%),
cathinones (17.0%), and synthetic cannabinoids (14.9%). Additionally, the commercial
software Gaussian (in various versions) is the most widely used tool, largely due to its user-
friendly graphical interface. However, studies using free software Orca — although lacking a

graphical interface — have shown comparable performance to Gaussian.

3.1. Conformational Analysis

In addition to selecting an appropriate computational method, conformational analysis is
one of the most critical steps to ensure accurate computational results. Since the chemical
properties of a molecule are intrinsically tied to its three-dimensional arrangement—and this
arrangement determines the electronic properties of the compound—conformational analysis is
a fundamental starting point for any theoretical chemistry study of a drug [78,79].

This procedure aims to explore the potential spatial arrangements of a molecule, including
bond lengths, bond angles, and dihedral angles, to identify the most stable structure based on
its energy. By systematically stretching and twisting a molecule and plotting a graph of its
energy as a function of these changes, a potential energy surface (PES) is generated. The PES
graph reveals regions of maximum energy, representing unfavorable atomic arrangements, and
regions of minimum energy, corresponding to stable configurations. These minima can be
either local or global, with transition regions between maxima and minima representing
intermediate states [80-82]

Several methods are available for conducting conformational analysis, which will be
detailed below. However, it is crucial to emphasize that all such procedures must be carried out
systematically and carefully. The three-dimensional structure directly influences spectroscopic
responses; any oversight in this process could lead to significant errors. These may include

incorrect mode assignments or observer bias when comparing spectral bands [83].
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The Systematic Search method aims to explore possible conformations of chemical
structures by applying discrete variations to dihedral angles—the angles formed by four bonded
atoms—using predetermined values. Once these conformations are optimized using a
combination of DFT functional and basis set, parameters such as Gibbs free energy can be
obtained alongside various physicochemical and structural data [78,80,84]. For instance,
Baranska et al. (2012) [85] applied this approach to determine the minimum energy structures
of nicotine on the PES. By incrementally rotating the free bond in the molecule by 15°, they
identified two stable conformations corresponding to the cis and trans arrangements of nicotine.
Similarly, Dobsikova et al. (2023) [72] used a systematic search to study the structures of two
cathinone hydrochlorides—(S)-2-(methylamino)-1-(3-(trifluoromethyl)phenyl)propan-1-one
and (S)-2-(methylamino)-1-(3-(trifluoromethyl)phenyl)pentan-1-one—to enable enantiomeric
separation of the conformers.

Andernach et al. (2016) employed this approach to determine the absolute configuration
of the synthetic cannabinoid MDMB-CHIMICA, which had not been experimentally
characterized at the time [86]. Similarly, Spalovska et al. (2019) analyzed the structures of two
cathinones—methylone and pentylone—and identified the existence of multiple stable
conformers in aqueous solution. This insight aids in understanding spectrophotometric
responses, which depend on the three-dimensional structure of molecules [87]. Additional
studies have applied these methodologies to other substances, such as amphetamine-type

stimulants [83], phenylethylamines [88], and natural products [81].

3.2.Building of theoretical spectra

Unlike experimental spectra, which may be obtained in solution or in the solid state,
computational calculations often assume isolated molecules in a vacuum. This method of
generating spectra results in specific combinations of wavelength and signal intensity,
producing a fine spectral line profile. In experimental spectra, broader areas under the curve are
typically observed due to effects not accounted for in simulations, such as the Doppler effect,
particle collisions (both among particles and between particles and the medium), and proximity
broadening. Additionally, factors such as temperature, pressure, concentration, and phase can
influence the spectra [10,89]. Consequently, even with high-resolution instrumentation,
experimental spectra often exhibit broader spectral bands or lines. To make simulated spectra
resemble experimental profiles, mathematical treatments are required.

The spectral line profile describes the shape of the electromagnetic spectrum, in this case,
in the infrared region, through areas of varying intensity [90]. Several functions can be used to
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model this profile, such as the Lorentz function (or Cauchy distribution), Gaussian function,
and Voigt function. These functions rely on parameters such as full width at half maximum
(FWHM), line position, and maximum peak height. Due to their mathematical properties, these
functions are symmetrical around the reference peak [91,92]. However, for forensic purposes,
only the Lorentzian and Gaussian functions are commonly employed, represented by

Equations 1 and 2, respectively:

1

L= 1+ x? @)
G = p—(n2)x? (2

The term x in these equations is defined as:
_ (pw—/:o) 3)

Where L is the Lorentzian function, G is the Gaussian function, p is the peak position in
the spectrum, p, is the maximum value in the spectrum, and w is the FWHM (full width at half
maximum). The normalization due to x ensures a maximum value of 1 at x = 0 and a value of
1/2 at x £1. [90-92]. The FWHM parameter w can vary depending on the study: examples
include 6 cm™ [86], 8 cm™ [83,93], 10 cm ™ [72,87,94], 24 cm™ [95], and 45 cm™* [64].

Several studies have used the Lorentzian function to model infrared spectra. These
include work on amphetamine and methamphetamine [66,72,83,93-95], cathinones [72,93],
fentanyl analogs [66,94], and other substances [95].

Similarly, the Gaussian function has been applied in studies of amphetamine and
cathinone analogs [19,64,68,96], phenylethylamine derivatives (2C, NBOH, and NBOMe) [88]
, fentanyl analogs [97], drug metabolites [64], and various other substances [98]

In addition to these methods, alternative software and algorithms have been explored.
MultiwFN [99] employs Lorentzian functions as its foundation, while SpecDis [100]
incorporates various features. For instance, Wang et al. (2019) [101] used MultiWwFN to
generate spectra for fentanyl and six structural analogs. Similarly, Andernach et al. (2016) [86]
utilized SpecDis to obtain the spectrum of the absolute configuration of the synthetic
cannabinoid MDMB-CHIMICA.

3.2.1. Scaling Factors

From an experimental perspective, certain phenomena, such as perturbations, oscillations,

and interactions, are observed in IR spectra. Simulated spectra, on the other hand, primarily
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represent harmonic vibrational oscillations calculated using numerical integration techniques.
The discrepancies between experimental and theoretical spectra arise due to anharmonic
effects, basis set incompleteness, the neglect of Morse potential effects for bonds, and electronic
correlation limitations [94,95]. While simulations that account for these effects are possible,
they often come with significant computational costs [11,29]. These scaling factors correct
systematic errors arising from the harmonic approximation and the specific combination of
DFT functional and basis sets used in the calculations [102]. They are empirically derived by
comparing calculated frequencies to experimental data and are specific to each computational
method [8,10,103].

Specific vibrational modes or regions of interest in the spectrum are often used to derive
correction factors to address deviations between theoretical and experimental vibrational
frequencies [11,29,104]. These correction factors are typically calculated as the ratio of the
experimental vibrational frequency (ve,,) to the theoretical vibrational frequency (wcq),
expressed as A = Veyp/weqr, Where A represents the dimensionless correction factor [101]. A
commonly used reference vibration is the C=0 stretching mode, typically occurring at 1625
cm1[10,105]. Alternatively, correction factors can be applied to different frequency regions of
the IR spectrum, enabling the use of multiple correction factors within a single computationally
derived spectrum [101].

Table 1 presents the scaling factors reported in the literature for correcting IR spectra of
psychoactive substances, summarizing the associated DFT functionals and basis sets used in
each case. These scaling factors are applied to align computationally derived vibrational
frequencies with experimental results, and their values are generally close to unity, reflecting
substantial agreement between theoretical predictions and experimental outcomes. Specifically,
the mean, median, and mode of the correction factors were 0.9660, 0.9670, and 0.9800,
respectively, with a standard deviation of +£0.0290 [106]. These results emphasize that each
DFT functional and basis set pair requires specific adjustments, although the observed

deviations are minor.

Table 1. Scaling factors used for each set of DFT functionals and as a basis for works involving the
simulation of psychoactive substances.

Method? | Basis set | Scaling factor | Reference

A specific correction factor—a single DFT functional and basis set—applied to the entire spectrum.

HF 6-31G(d,p) 0.902 [107]

B3LYP 6-311G(d) 0.965 [53]

B3LYP 6-31G(d,p) 0.960 [107]

B3LYP 6-311G(d) 0.955 [55]

B3LYP 6-31+G(d,p) 0.9642 [108]

B3LYP 6-311++G(d,p) 0.9800 [109]

B3LYP 6-311++G(d,p) 0.961 [110]

B3LYP 6-31G(d,p) 0.9608 [17]
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B3LYP aug-cc-pvVDZ 0.9824 [85]
B3LYP TZVP 0.9654 [17]
B3LYP TZVP 0.9650 [68]
B3LYP 6-311++G(d,p) 0.945 [111]
B3LYP TZVP 0.9654 [98]
B3LYP def2-TZVP 1.0044 [88]
PBE TZVP 1.0306 [67]
PBEO 6-31G(d,p) 0.9863 [17]
PBEO def2-TZVP 0.9944 [88]
PBEO TZVP 0.9888 [17]
PBEO TZVP 0.9596 [98]
wB97X-D cc-pVTZ 0.9660 [66]
MO06-2X TZVP 0.9462 [98]
B3PW91 TZVP 0.9643 [98]
Perdew—Zunger Normconserving pseudopotentials 0.9700 [94]

spectrum.

A specific correction factor—a single DFT functional and basis set—applied to different regions of the

0.8451 (< 1000 cm %)

0.978 (rest of the spectrum)

HF 6-311+G(d,p) 0.9101 (> 1000 cm ) [112]
0.9401 (< 1000 cm™*
B3LYP 6-311+G(d,p) 0.9610 E> 1000 cm*lg [112]
0.98707 (< 1800cm™) e
B3LYP 6-311G(d.p) 0.94993 (2(800—3200 c?n*l) [113]
0.950 (high frequency region
B3LYP 6-311++G(d,p) with CH stretching modes) [93]

um.

Non-specific correction factors or those applicable to multiple DFT functional/basis set combinations—
applied to the entire spectr

B3LYP 6-31G(d), 6-311G(d,p) 0.984 [86]
6-31G(d), 6-31+G(d,p), 6-
B3LYP 31++G(d,p), 6-311++G(d,p) 0971 [9]
B3LYP 6-31G(d), 6-311G++(d,p) 0.980 [114]
B3LYP 6-311+G(d,?gail;€N L2DZ for 0.967 [115]
B3LYP 6-311+G(2d,p), cc-pVTZ 0.9679 [116]
B3LYP, HSEH1PBE 6-311++G(d,p) 0.9615 [117]
B3LYP, leg(P-Ds, MO6- 6-31G(d.p) 0.961 [19]
B3LYP, MP2 6-311++G(d,p) 0.967 [118]
B3LYP, CAM-B3LYP 6-311++G(d,p) 0.978 [119]
B3LYP, B3LYP-D3BJ,
B3PW91, CAM-B3LYP, 6-311++G(d,p) 0.910 [73]
MO05-2X, M06-2X
B3LYP, MP2 6-311+G(d,p) 0.975 [64]
B3LYP, CAM-B3LYP,
B3PW9L, M06-2X, M05-2X 6-311++G(d.p) 0.930 [105]
B3LYP, B3PW91, CAM- 6-311++G(d,p), aug-cc-pVDZ, 0.9800 [72]
B3LYP, ®B97X-D, M06-2X aug-cc-pvVTZ '
B3LYP, ®B97X-D 6-311G(d,p), cc-pVTZ 0.9660 [101]
B3LYP, B3PW91, CAM- 6-311++G(d,p), aug-cc-pVDZ,
B3LYP alg-co.pVTZ 0.9800, 0.9900, 0.9900 [120]
B3LYP, PBEO TZVP, 6-311G(d,p) 0.9670 [97]
6-31+G(d), 6-311++G(d,p), 6-
MP?2, B3LYP, X3LYP, 311++G(2d,2p), cc-pVDZ, cc- 0.9750 [121]
B3PW91 NTZ
B3LYP, B3PW91 6-31G(d), 6-311++G(d,p) 0.9900 and 0.9800 [87]
B3LYP, B3PW91 6-31G(d), 6-311++G(d,p) derived from the same paper [83]

2 Besides DFT, some authors also utilize wavefunction-based calculations, including Hartree—Fock (HF) and post-
HF methods, such as second-order Moller—Plesset perturbation theory (MP2).
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The Computational Chemistry Comparison and Benchmark Database (CCCBDB),
maintained by the National Institute of Standards and Technology (NIST), provides a valuable
resource for researchers seeking correction factors. This database offers standardized data for
various DFT functional and basis set combinations, widely used by research groups to align
computational predictions with experimental results [122]. Despite its utility, some studies in
the literature, as highlighted in Table 1, fail to specify whether correction factors were explicitly
applied to individual cases or uniformly across all methods. These omissions underscore the
importance of clarity and standardization in reporting computational procedures.

Providing a benchmark for such efforts, Irikura et al. (2005) [123] conducted a
comprehensive analysis of the uncertainties associated with correction factors arising from the
choice of DFT functional and basis set. Their analysis included a graphical representation of
the frequency distribution of these correction factors, as shown in Figure 2. Notably, the most
frequent values, comprising 45.3% of the data (31 of 53), fell within the range of 0.9531-
0.9801, further supporting the strong consistency between theoretical data and experimental

spectroscopic results.
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Number of occurrences
_
[}
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[0.8451,0.8721] (0.8991, 0.9261]
(0.8721, 0.8991] (0.9261,0.9531]

S W

(0.9531, 0.9801]

(1.0071, 1.0341]
(0.9801, 1.0071]

Scaling factor range

Figure 2. Histogram of correction factors, reported in the literature and presented in Table 2, of
spectra in the infrared region for psychoactive substances. At the top of each column, the
occurrence values for each range of values were indicated.

Lastly, it is worth highlighting some studies that have focused on more specific cases,
demonstrating improved correlations between computational and experimental data when
tailored correction factors are applied. For example, Fagan et al., 2021 [124] examined the
structure of MDMA using correction factors that included the effect of solvation (D20 and
MeOD). In turn, Dobsikova et al. (2023) [83] derived correction factors for the vibrational
spectra of amphetamine and methamphetamine. Additionally, scaling factors were applied to
both high- and low-frequency regions of the IR spectrum for psychoactive substances across
various classes: piperazine (1-amino-4-methylpiperazine) by Mahalakshmi & Balachandran
(2015) [112], benzodiazepine (diazepam) by Mielcarek et al. (2011) [113], and Minaeva et al.
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(2021) [93]. These targeted approaches underscore the effectiveness of using region-specific

corrections to enhance the alignment of simulated and experimental spectra.

4. COMPARISON OF THEORETICAL AND EXPERIMENTAL SPECTRA

Obtaining experimental data for NPS is essential for validating theoretical spectra and
can be achieved through two main approaches: in-house collection or reference databases.

The in-house collection allows researchers to standardize procedures and instrumentation,
ensuring high-quality, reliable data. However, navigating regulatory restrictions can often
complicate or hinder access to the necessary materials for analysis. In contrast, reference
databases provide a more accessible alternative but come with their own challenges. These
databases often lack detailed documentation on collection methods, and variations in
instrumental specifications can affect the data reliability. Despite these limitations, reference
databases offer the significant advantage of being readily available, often for no cost, avoiding
the need for cumbersome government authorization. Moreover, local and institutional databases
offer valuable data drawn from specific case occurrences, although they may not always be
publicly accessible.

To address these challenges and enhance the availability of experimental data, significant
efforts are being made to compile and optimize access to comprehensive resources. Two key

initiatives in this area include:

SWGDRUG Database

Managed by the Scientific Working Group for the Analysis of Seized Drugs
(SWGDRUG) [125], this database is a collaborative effort supported by contributions from the
Drug Enforcement Administration (DEA) and the Special Testing and Research Laboratory
(SFL1). Itis periodically updated to include data on new or emerging drugs, primarily acquired
through Fourier-transform infrared spectroscopy with attenuated total reflectance (FTIR-ATR).
The database currently contains more than 830 spectra and includes essential details such as (i)
compound form (salt or base), (ii) batch number of the sample, and (iii) date of spectrum entry
into the database. The SWGDRUG database, therefore, serves as a critical resource for
researchers and forensic analysts working with NPS.

ENFSI-DWG Database
The European Network of Forensic Science Institutes (ENFSI) Drugs Working Group
(DWG) has been operational since 1997 and serves as a key resource for forensic analysis
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(European Network of Forensic Science Institutes Drug Working Group (ENFSIDWG) 2024).
The latest version (2024.05.08) of its database contains over 3,670 spectra. This repository
provides detailed information about each compound, including: (i) various nomenclatures (e.g.,
typical/street names, IUPAC, InChl, InChlKey, molecular formula); (ii) compound form (salt,
base, or not applicable); (iii) source (e.g., supplier or seizure); (iv) measurement type (e.g., KCI
pellet, ATR, solid-phase GC-IR (gas chromatography infrared spectroscopy)); (v) sample
preparation method (e.g., alkaline extract, solvents such as acetone, chloroform, ethanol,
methanol, or direct measurements); (vi) general comments.

Both the ENFSI-DWG and SWGDRUG databases are built on experimental data and are
widely used by forensic professionals worldwide as essential reference tools. However, a
critical evaluation of these data is essential before they are adopted as references. These libraries
may contain multiple spectra for the same molecule, but information regarding purity
conditions is often not provided to users. For this reason, the use of univariate, multivariate,
and probabilistic statistical analyses is recommended.

Table 2 compiles the primary methods for comparing spectra using different statistical
approaches. The data show that most studies comparing theoretical and experimental spectra
still focus on evaluating peak positions and signal intensities. While this method identifies
specific spectral responses, it often neglects the overall spectrum. In most cases, no statistical
treatment is applied. When statistical analyses are performed, they are often limited to
univariate analysis or simple correlation studies, underscoring the need for more sophisticated

approaches to improve data reliability and comparability.

Table 2. Statistical methods used to compare the spectroscopic responses obtained by theoretical and
experimental data.

Statistical method Reference
Intensity and characteristic signal [43,53,55,81,83,85,86,93,94,101,107~
y g 114,117,119-121,127-129]
Binary method [17,19,67,97]
Univariate and bivariate statistics
RMS [118]
MAE [73,105]
Spearman's correlation coefficient [95]
Pearson's correlation coefficient [17,68,73,88,95,115,116]
Tanimoto coefficient or Jaccard index
[124]
Similarity/dissimilarity factor [72,83,87]
Cosine similarity score [64]
Kullback—Leibler (KL) divergence [17,19,97]
Multivariate statistics
Principal Component Analysis (PCA) [17,19,66,67,88,97,98]
Hierarchical cluster analysis (HCA) [17,97,98]
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t-distributed Stochastic Neighbor Embedding (t-NSE) [98]
Soft Independent Modelling of Class Analogies (SIMCA) [19,66,67,97]
Partial Least Squares Discriminant Analysis (PLS-DA) [68]

4.1.Univariate and bivariate statistical analyses

Univariate descriptive analysis focuses on describing and summarizing the properties of
a dataset. This approach relies solely on the dataset under study to identify trends and draw
conclusions, without making prior inferences about the general population. In the case of
statistical analysis of spectroscopic responses applied to NPS, key metrics include: (i) measures
of position (e.g., mean, median, mode, and percentiles); (ii) measures of dispersion or
variability (e.g., range, standard deviation, standard error); (iii) measures of association (e.g.,
chi-square, Spearman's coefficient); and (iv) measures of correlation (e.g., Pearson's correlation
coefficient) [106].

Bivariate analyses examine relationships between two variables, focusing on associations
for qualitative data or correlations for quantitative data. Spearman's coefficient (ry,) [130]
measures the degree of association between ranked qualitative variables. For this analysis, the
data must be ranked in ascending order, and the metric determines the difference (d;) between
rank orders (k) based on the number of observations (n), as described in Equation 4. Pearson's
correlation coefficient [131] (Equation 5) is more suitable for quantitative variables. This
statistical tool evaluates the linear relationship between two quantitative variables, including its
intensity and direction [106,132].
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Interpretations for both Spearman (association) and Pearson (correlation) coefficients
follow a similar scale: (i) Perfect Association/Correlation: Values of 1 or —1 indicate a perfect
positive  or negative  association/correlation,  respectively; (i) Very  Strong
Association/Correlation: Values between 0.90 and 0.99 (positive or negative) suggest a very
strong relationship; (iii) Strong Association/Correlation: Values between 0.70 and 0.89
(positive or negative) indicate a strong relationship; (iv) Moderate Association/Correlation:
Values between 0.50 and 0.69 (positive or negative) reflect a moderate relationship; (v) Weak
Association/Correlation: Values between 0.20 and 0.49 (positive or negative) represent a weak
relationship; (vi) No Significant Association/Correlation: Values below 0.20 suggest no
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meaningful relationship [106,130,131]. Several studies have applied these coefficients to
compare spectra, often presenting results visually through heatmaps (Figure 3). For notable
examples, see Mariotto et al. (2024) and Rodrigues et al. (2022) [68,88].

Spearman's coefficient Pearson correlation coefficient

-1 0 +1 -1 0 +1

perfect negative there is no linear perfect positive perfect negative there is no perfect positive
linear association association linear association correlation correlation correlation

Figure 3. Illustrative representation of the creation of a heatmap and the interpretation of
association (Spearman's coefficients) and correlation (Pearson's correlation coefficient)
between the studied variables [130,131].

Building on this approach, He (2021) [95] investigated how correction factors and the
three-dimensional structures of psychoactive substances influence these coefficients. The study
revealed that scaling factors improved Pearson's correlation coefficients but had little effect on
Spearman's coefficients. Notably, these comparative metrics highlighted that responses
obtained via DFT may overestimate intensities (e.g., C—H bending bands below 1300 cm™)
and/or underestimate intensities (e.g., C—H stretching bands above 2800 cm™) within the same
spectrum.

Studies utilizing Pearson's correlation coefficient, revealed a strong correlation between
experimental and theoretical data. However, experimental results consistently exhibited lower
correlation coefficients than theoretical predictions for the same substance. These findings
underscore the potential of computational approaches for generating infrared spectra of NPS,
whether they are well-characterized or have minimal to no existing information
[17,68,73,88,95,115,116]. Nonetheless, these statistical measures remain critical for validating
and refining the alignment between theoretical and experimental spectra whenever feasible.

4.2. Similarity Scoring



©CO~NOOOTA~AWNPE

Another method for assessing the agreement between theoretical and experimental
spectroscopic responses is through the application of similarity scores. These measures assess
how closely two spectra align, based on quantitative metrics such as the squared cosine
similarity (Equation 6) [133] and the Tanimoto coefficient (also referred to as the Jaccard
similarity coefficient, Equation 7) [134]. Both metrics have demonstrated comparable
performance for this type of scoring [64].

S.(A B) = cos(8) = AB Yiz14iB;
e 5= oSO =BT~y cap? Yo (B2 (©)
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Cosine and Tanimoto similarity scores use vectors A and B, which represent finite sets of
spectral samples. In both cases, the similarity scores ranging between 0 and 1 (0 < S.(4,B) <
1and 0 < J(4,B) < 1). Asimilarity score of 1 indicates complete similarity, while a score of
0 occurs when the intersection of A and B is empty. The cosine similarity, S.(4, B), measures
the cosine of the angle between vectors A and B, while the Tanimoto coefficient, J(4, B),
evaluates the ratio of the intersection to the union of sets A and B.

Houthuijs et al. (2023) [64] applied similarity factors to the spectra of drug metabolites,
demonstrating a satisfactory trend in data comparisons. However, the authors highlighted the
importance of cautious interpretation of absolute values, noting that these scores primarily
reflect a recovery rate rather than a definitive measure of agreement. Similarly, Dobsikova et
al. (2023) [83] analyzed the vibrational spectra of amphetamine and methamphetamine,
employing similarity factors to assess the alignment of theoretical data with experimental
results. Their study reported similarity scores of 0.75 for amphetamine and 0.84 for
methamphetamine, indicating a reasonable degree of agreement.

Spéalovska et al. (2019) [87] examined synthetic cathinones methylone and pentylone,
focusing on their spectral profiles within the 1750-1250 cm™! range. Using the CDSpecTech
software [135], they obtained similarity indices of 0.85 for methylone and 0.91 for pentylone,

showecasing a high level of consistency between the spectra.

4.3.Multivariate Analysis

Multivariate data analysis encompasses a set of statistical techniques designed to

examine, identify patterns, interpret relationships, and make decisions based on the similarities
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or divergences among multiple variables [136-139]. This analytical approach has become
indispensable across diverse disciplines, including economics, psychology, engineering, and
forensic science [140-142]. These methods can be broadly categorized based on the objectives
of the analysis and the nature of the data, including: (i) exploratory analysis; (ii) dependency
analysis; (iii) interdependency analysis; (iv) discriminant analysis; and (v) time-series analysis
[106,143].

These categories allow for a more precise and effective selection of analytical methods,
tailored to the structure and objectives of the evaluation. Principal Component Analysis (PCA),
an exploratory and unsupervised method, is among the most widely used techniques. PCA
reduces the dimensionality of datasets, making their interpretation and visualization more
manageable [143,144]. Another common exploratory technique is Hierarchical Cluster
Analysis (HCA), which uses a hierarchical process to group similar pairs of data points. This
method often employs various linkage approaches, such as nearest neighbor or farthest
neighbor. Like PCA, HCA progressively reduces the dimensionality of the data matrix until all
data points are consolidated into a single cluster [143,145].

In supervised analyses, where prior information is utilized to organize or classify data,
commonly used methods include: (i) Classification or Regression Trees, which segment data
into decision-based branches; (ii) Neural Networks, which model complex relationships
through interconnected layers; (iii) Partial Least Squares Regression (PLS), which relates
predictors to responses in high-dimensional data; (iv) Partial Least Squares Discriminant
Analysis (PLS-DA), a variant of PLS tailored for classification tasks; (v) SIMCA (Soft
Independent Modeling of Class Analogies), which constructs classification models based on
predefined classes; and other techniques [143-146]. Each method offers distinct features and

analytical approaches to interpret results effectively.

4.4.Confusion matrix

A confusion matrix (Figure 4) is often employed to assess the robustness and accuracy
of these models. This matrix compares actual and predicted classes, with the diagonal entries
representing correct classifications. Additionally, it provides valuable metrics for evaluating
regression and classification models, enhancing their reliability and interpretability.



©CO~NOOOTA~AWNPE

Class 1 Class 2 Total
FP
= Class 1 TP TP + FP
= (Type I error)
g FN
= Class 2 TN FN+TN
(Type II error)
Total TP+ FN FP+ TN TP+ FP+FN
+TN

Figure 4. Confusion or generic correspondence matrix, where green represents the correctly
predicted values and red represents the incorrect class indications [147].

The confusion matrix is typically structured as a 2x2 table, containing the following
classifications: (i) True Positives (TP): Samples correctly predicted as belonging to a class; (ii)
False Negatives (FN): Samples that belong to a class but are incorrectly predicted as not
belonging; (iii) False Positives (FP): Samples that do not belong to a class but are incorrectly
predicted as belonging; (iv) True Negatives (TN): Samples correctly predicted as not belonging
to a class.

Based on these values, several performance metrics can be calculated to evaluate model
accuracy and robustness: (i) Sensitivity or Recall (Equation 8): Measures the ability to
correctly identify true positives; (ii) Precision (Equation 9): Reflects the proportion of true
positives among all positive predictions; (iii) Specificity (Equation 10): Indicates the ability to
correctly identify true negatives; (iv) Accuracy or Efficiency (Equation 11): Represents the
overall proportion of correct predictions; (v) F1-Score (Equation 12): A harmonic mean of
precision and recall, balancing both metrics; (vi) Jaccard Index or Critical Success Index
(Equation 13): Assesses the overlap between predicted and actual classes; (vii) Phi Coefficient
or Matthews Correlation Coefficient (MCC) (Equation 14): A robust measure of correlation
between predicted and actual values, considering all four matrix elements (TP, FN, FP, TN)
[147-150]. These metrics provide comprehensive insights into model performance, with higher

values indicating greater reliability and effectiveness.

TP

L 0 — 8
Sensitivity TP + FN (8)
TP
N 9
Precision TP+ 7P 9
TN
.f. . — 10
Specificity TN + FP (10)
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(TP X TN) — (FP x FN)

Mee= \/(TP + FN) x (FP + TN) x (TP + FP) x (FN + TN)

(14)

These parameters are expressed as ratios, typically analyzed on a scale from 0 to 1 or as
percentages. A value closer to 1 or 100% signifies greater model robustness and reliability.
Sensitivity measures the model's ability to correctly classify positive samples (minimizing Type
Il errors, or false negatives), while specificity evaluates its capacity to identify negative samples
(minimizing Type I errors, or false positives), and detect misclassifications. Among the metrics,
the F1-score, Jaccard Index, and MCC are particularly reliable for assessing model quality.
These metrics are less prone to sampling bias and effectively account for Type | and Type Il

errors, providing a balanced evaluation of model performance [147,148,150].

4.5.Hit Quality Index

An IR spectrum typically consists of thousands of data points. Therefore, robust
algorithms must effectively be employed to compare spectra. Among them, the Hit Quality
Index (HQI) is a widely used numerical metric to assess the similarity between an unknown IR
spectrum and reference spectra within a spectral library. HQI plays a crucial role in
spectroscopic studies, particularly in identifying substances by matching unknown samples
with known spectral profiles. By quantifying the degree of similarity, HQI simplifies the
identification process based on IR spectral characteristics [151-153].

The HQI value is generated by comparing the unknown spectrum with each reference
spectrum in the library, using mathematical calculations to assess their distance or similarity.
Several mathematical methods support the derivation of HQI values, increasing their accuracy
and reliability [65,154,155]. This metric is indispensable in analytical applications where

accurate substance identification is critical.

4.6.Applications in NPS
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Tcharkhetian et al. (2021) [17] investigated the synthetic cathinone o-
pyrrolidinopentiophenone using statistical approaches to validate theoretical models against
experimental data. A 23 factorial design optimized computational parameters, identifying the
best DFT methods and basis sets. A Boltzmann distribution was used to determine the most
probable conformers, and linear regression confirmed the alignment between simulated and
experimental structural data. Multivariate techniques, including HCA and PCA, were applied
to compare infrared spectra, while Kullback-Leibler divergence quantified their similarity.
These approaches provided reliable validation for computational methods for forensic and
analytical chemistry applications.

Sinhorini et al. (2021) [97] expanded on this work by studying multiple fentanyl analogs.
A 2* factorial design was performed to optimize the DFT conditions, while PCA, HCA, and
SIMCA validated clustering and classification of infrared spectra. Kullback-Leibler divergence
was again employed to confirm the similarity between theoretical and experimental spectra.

Dogruer Erkok et al. (2024) [66] evaluated fentanyl analogs, focusing on 16 structures
similar to 4-fluoroisobutyryl fentanyl (4-FIBF) and cyclopropyl fentanyl (CPrF). Their findings
indicated that 4-FIBF and CPrF were distinctly separated from other analogs, with cyclic
structures clustering together. Additionally, the spectral peaks with the highest intensities were
identified as key factors in forming these groupings.

Supervised classification models were also developed in other studies. Castro et al. (2020)
[67] and Bruni et al. (2018) [19] applied the SIMCA method to develop classification models
for synthetic cannabinoids and amphetamine-like stimulants, respectively. Both studies
demonstrated the effectiveness of SIMCA in classifying infrared spectra of NPS using
computational approaches. Rodrigues et al. (2022)[68] took a different approach by applying
PLS-DA to create regression models based on theoretical data, predicting experimental results.
Their study focused on determining whether seized samples corresponded to the synthetic
cathinone N-ethylpentylone. In addition to regression methods, the authors used a confusion
matrix to evaluate their models.

These studies, along with those summarized in Table 2, underscore the necessity of using
statistical methods to support decision-making, particularly when a new substance is detected,
and its structural class is unknown. As highlighted by Pacheco & Correa (2023) [156], who
conducted a bibliometric analysis on the application of statistical methods to psychoactive
substances, univariate and multivariate statistical analyses, as well as machine learning, will
increasingly play a vital role in understanding psychoactive substances, whether they are newly

discovered or subject to regulatory control.
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5. CHALLENGES AND PERSPECTIVES

Despite rigorous precautions and adherence to good laboratory practices, several
experimental factors can complicate comparisons between theoretical and experimental
spectroscopic responses. Interference and noise can result in false positives or negatives
depending on how the spectra are acquired. If there is an air gap between the NPS sample and
the analyzer, deviations in band intensity may occur, particularly at shorter wavelengths [115].
Corrections allowed by the ATR method can mitigate this effect if the sample surface is
optically flat. However, the observed reduction is not necessarily proportional to the
wavelength [10,157-159].

Another challenge arises from the composition of NPS, which are often mixtures of
multiple substances, including adulterants or contaminants [160,161]. These mixtures can
complicate substance identification, as they may amplify spectroscopic signals beyond what is
expected for pure substances [162]. Furthermore, many NPS share similar chemical backbones,
such as amphetamines, cathinones, NBOH, and NBOMes. This structural similarity can lead to
preliminary misidentifications if the spectra of all mixture components are not taken into
account [115,163]. In such cases, computational methods can serve as a reference standard, as
they generate spectra under idealized conditions where the molecule is isolated, producing
"pure" chemical responses.

However, real-world samples are rarely isolated, and non-covalent interactions within
mixtures and between molecules can significantly influence spectroscopic responses, an area
still underexplored. Dzodi¢ et al. (2024) [73] conducted a theoretical analysis (M05-2X/6-
31+G(d,p)) of dimers involving a benzodiazepine family structure and common adulterants and
diluents reported in seizures. Similarly, Minaeva et al. (2021) [93] evaluated the dimerization
patterns of 4-methyl methcathinone (4-MMC) and its spectroscopic responses in the gas phase
and solid state using computational methods. The authors reported a satisfactory correlation
between the simulations, highlighting that interpreting solid-state spectra required careful
consideration due to frequency shifts and new bands caused by the crystalline phase.

Another complicating factor is the common presence of NPS in salt forms, such as
hydrochlorides or sulfates. These counterions affect the spectra, and their accurate simulation
is complex but essential for matching experimental data. For example, Houthuijs et al. (2023)
[64] studied protonated and deprotonated ions through multi-step simulations, combining PM6
conformational searches (filtering structures with energy differences higher than 40 kJ mol™),
B3LYP/6-311+G(d,p) frequency calculations, and MP2/6-311+G(d,p) optimizations for
thermodynamic parameters. This approach yielded frequencies and physicochemical
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parameters closely aligned with experimental values, effectively providing key information
about drug metabolites.

Graf et al. (2020) [53] reported that amphetamine salts are predominantly found as
sulfates, which exhibit unique spectral characteristics that help distinguish them from their
chloride counterparts. The authors performed a conformational search for various simulated
crystalline compounds, including amphetamine, methamphetamine, MDA, MDMA, and
substituted methcathinones. Their findings revealed that the angles of interactions between
protonated amines and chloride ions consistently ranged from 160 to 180 degrees. This
structural feature aids in obtaining more accurate spectral predictions, as secondary amine
bonds are elongated due to hydrogen bonding, resulting in more intense peaks between 2500
and 2900 cm™2.

Recent advances in artificial intelligence (Al) have transformed infrared spectral analysis.
Generative Al models can rapidly predict IR spectra from molecular structures, incorporating
anharmonic effects and providing faster alternatives to conventional computational methods
[164]. Additionally, a notable advancement driven by Al is the development of extensive
databases containing thousands of spectra. These prediction engines are based on empirical
FTIR data, offering a powerful resource for analyzing compounds with limited or unavailable
experimental data [165]. Emerging technologies like attention-based graph neural networks
(e.g., AttentiveFP) further enhance predictive accuracy by employing advanced techniques to

model IR spectra from chemical structures [166].

5.1. SWOT ANALYSIS

Theoretical methods have become indispensable for obtaining spectroscopic data on NPS,
offering a way to provide solutions to challenges faced by the emergence of these compounds.
Combining computational and statistical methods can provide a tool for helping to predict the
properties of these drugs. In this scenario, we have performed a SWOT (Strengths, Weaknesses,
Opportunities, and Threats) analysis to enhance understanding and strategic planning. This
analysis evaluates the potential of these methods in generating spectroscopic patterns for NPS,
providing key takeaways with the potential to bridge past research with emerging directions
and trends [167,168].

SWOT analysis, widely recognized for its strategic value in corporate and industrial
contexts, has also been applied across various research fields. These include natural product

research [167], supercapacitors [169], cheminformatics as an educational tool in STEM [170],



©CO~NOOOTA~AWNPE

chemometric methods in forensic chemistry [168], and metabolomic analysis of environmental
data [171].

Figure 5 summarizes the SWOT analysis, dividing them into four strategic categories.
This framework provides a comprehensive overview of the internal and external factors
influencing the use of computational methods for NPS, along with their potential opportunities

and challenges.

POSSIBILITIES ® CHALLENGES ®
STRENGTHS (S) WEAKNESSES (W)

Theoretical method approximations can significantly impact

Does not require government authorization.
the responses.
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response remains consistent. generating a spectrum suitable for comparison.
Pure spectroscopic patterns of NPS can be accurately » Complex methodology, requiring specialized knowledge and
obtained. training.
Theoretical and statistical methods rely on well-established + Careful analysis of output files is necessary, and user-friendly
w methodologies. software options for this task are limited.
(- Paid and free software options perform calculations with . . o ) .
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Z, constraints to validate the results.
=2 Enables rapid and high-volume information generation to
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explicit) and include counterions. application of this methodology in real-world scenarios.

File formats generated by theoretical methods may be
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equipment design.
Development of spectroscopic reference databases for NPS.

Ability to quickly adapt to trends in the illegal substance
market.
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Figure 5. SWOT analysis for the application of theoretical methods to obtain NPS
spectroscopic data.

As highlighted in Figure 5, while promising progress has been made, considerable
advancements are still required before computational methods can reliably predict experimental
data with high confidence. The forensic field related to NPS presents a particularly promising
opportunity, delivering encouraging results. However, achieving stronger correlations and
broader applications remains a significant challenge in advancing the use of these methods for

NPS analysis.

CONCLUSIONS

This study underscores the indispensable role of theoretical chemistry in predicting and
interpreting the spectroscopic properties of NPS. When complemented by systematic
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conformational analysis and post-processing techniques to mitigate inherent methodological
limitations, density functional theory (DFT) can produce highly accurate computationally
predicted infrared spectra that serve as reliable references for experimental data. This is
particularly effective when computations are meticulously designed, with careful selection of
DFT functionals, basis sets, and the inclusion of additional parameters such as solvent effects
and counterions when necessary. The integration of statistical methods, including multivariate
analyses and similarity scoring, enhances the validation process and facilitates the accurate
identification and classification of NPS in real-world samples. This approach effectively
addresses challenges such as structural similarities among compounds from different classes
and the presence of complex mixtures containing adulterants typically found in real samples.

The application of scaling factors and statistical corrections derived from rigorous
analysis can lead to a better match between theoretical spectra and experimental results,
improving the reliability of spectral databases. This is particularly crucial when dealing with
NPS that have minimal prior information or when experimental data are scarce or difficult to
obtain due to legal and ethical constraints.

The advent of machine learning and artificial intelligence offers the opportunity to
automate and refine spectral predictions by utilizing large data sets to improve model training
and validation. Therefore, the integration of artificial intelligence and the development of
extensive spectral databases hold great promise but must be pursued cautiously to maintain
analytical integrity and reliability. Addressing these limitations requires meticulous attention to
data quality, algorithmic transparency, and validation through interdisciplinary collaboration.

As NPS continue to evolve, the timely and accurate identification of these substances is
critical for public health and safety. Developing open-access databases and sharing knowledge
across international borders can enhance collective efforts to combat the spread of NPS.
Investment in training programs and user-friendly computational tools can democratize access
to these advanced methods, enabling a broader range of laboratories and agencies to implement
them effectively.

This integrated approach holds promise for more effective monitoring, identification, and
regulation of NPS. Through the use of theoretical chemistry, robust statistical analyses and new
Al technologies, we can develop more reliable and comprehensive methods for the detection
and characterization of NPS. This will ultimately contribute to public health initiatives, aid law
enforcement efforts, and inform policy decisions, ensuring a proactive response to the ever-

changing landscape of psychoactive substances.
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