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Abstract

Gas chromatography—mass spectrometry (GC-MS) plays a crucial role in analyzing complex
water samples due to its high sensitivity, selectivity, and robustness. Recent developments
have transformed GC-MS into a powerful chemosensor platform, capable of generating
detailed chemical fingerprints for targeted or untargeted environmental analysis. This
review highlights the integration of GC-MS with atomistic modeling approaches, including
quantum chemical calculations and molecular simulations, to enhance the interpretation of
mass spectra and support the identification of emerging contaminants and transformation
products. These computational tools offer mechanistic insight into fragmentation pathways,
molecular reactivity, and pollutant behavior in aqueous environments. Emphasis is placed
on recent trends that couple GC-MS with machine learning, advanced sample preparation,
and simulation-based spectrum prediction, forming a synergistic analytical framework
for advanced water contaminant profiling. The review concludes by addressing current
challenges and outlining future perspectives in combining experimental and theoretical
tools for intelligent environmental monitoring.

Keywords: environmental contaminants; non-targeted analysis; mass spectral interpretation;
atomistic calculations; molecular dynamics; predictive environmental modeling

1. Introduction

Chemosensing is the process of detecting and interpreting chemical signals, and has
become a central concept in modern environmental analysis [1,2]. While the term is often as-
sociated with chemical sensors, advanced analytical platforms such as gas chromatography-
mass spectrometry (GC-MS) can also be regarded as chemosensing tools, since they generate
characteristic fingerprints that enable the detection and interpretation of environmental
contaminants. When it comes to water quality monitoring, chemosensing extends beyond
single-target analysis toward the recognition of complex chemical patterns that reflect
contaminants, their transformation products, and interactions with natural matrices [1,3-5].

Emerging contaminants (ECs), including pharmaceuticals, products for personal care,
pesticides, and industrial chemicals, represent a threat of growing concern to ecosystems
and human health due to their persistence, bioaccumulation potential, and toxicology.
Addressing these challenges requires advanced analytical tools capable of detecting and
quantifying trace levels of ECs in complex environmental matrices [6-10].
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This review highlights the critical role of mass spectrometry (MS) in monitoring ECs,
focusing attention on high sensitivity, specificity, and adaptability across various techniques
such as GC-MS. The application of MS has enabled the real-time detection of volatile organic
compounds (VOCs), the comprehensive non-targeted screening of unknown contaminants,
and the correct quantification of compounds in different matrices [1,11-14]. While other
MS techniques, including liquid chromatography-mass spectrometry and high-resolution
mass spectrometry, have also made significant contributions to environmental analysis,
the primary focus of this review is on the application of GC-MS as the dominant tool for
monitoring ECs.

Despite its efficacy, challenges such as matrix interferences, a lack of standardized
methodologies, and limited spectral libraries persist [1,15]. Recent advancements in the
form of hybrid MS systems, the application of atomistic calculations, and the usage of arti-
ficial intelligence (Al), generate opportunities for more efficient environmental monitoring
and predictive modeling of contaminant behavior [2,16,17]. Improvements in MS tech-
nologies and collaborative efforts are essential to overcome existing challenges and ensure
sustainable solutions for dealing with the risks associated with emerging contaminants.

GC-MS has long been a foundational technique in environmental chemistry, recog-
nized for its ability to separate, identify, and quantify volatile and semi-volatile compounds.
Initially developed for petroleum and industrial applications in the mid-20th century,
GC-MS was rapidly adopted for environmental monitoring with the rise in global con-
cern over persistent organic pollutants (POPs), chlorinated pesticides, and hazardous
industrial chemicals [11,12]. In its early usage, GC-MS was primarily applied in targeted
analysis, where the identity and behavior of analytes were known, and the focus was on
quantification using standard reference compounds.

Due to the growing complexity of environmental samples and the emergence of
contaminants of emerging concern (CECs), often unknown, unregulated, or present
at trace levels, analytical methods must be improved over time. In response, GC-MS
evolved into a powerful chemosensing platform capable of delivering both targeted and
non-targeted insights [13,15,18,19]. Modern approaches utilize the total ion chromatogram
(TIC) and total ion mass spectrum (TIMS) not only for compound identification but also
as holistic chemical signatures of the sample. These rich datasets are often interpreted
using multivariate statistics and machine learning (ML) algorithms, enabling the classi-
fication of water samples based on pollution patterns even in the absence of individual
analyte identification.

Technological advancements further accelerated this transition. The integration
of high-resolution time-of-flight mass spectrometry (HR-ToFMS) and comprehensive
two-dimensional gas chromatography (GCxGC) has significantly enhanced sensitivity,
selectivity, and dynamic range, enabling the detection of trace-level pollutants and their
isomers in highly complex water matrices [1,17,19,20].

GCxGC has emerged as a leading technique for resolving co-eluting compounds and
revealing the chemical diversity of environmental samples. These improvements have
broadened the application of GC-MS from routine water testing to advanced exposome
studies, source tracking, and forensic environmental analysis [10,16,21,22].

Portable and miniaturized GC-MS instruments are being introduced for in situ and real-
time environmental monitoring, addressing the demand for rapid field-based assessments.
Complemented by cloud-based databases and Al-driven processing tools, these platforms
are poised to support decentralized water quality surveillance networks [1,16,17].

In environmental science, GC-MS has moved from measuring one pollutant at a time
to using smarter, more integrated chemosensing approaches. This transformation is critical
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for managing the increasingly complex mix of aquatic contaminants and for ensuring
sustainable water resource management in an era of emerging pollutants.

The development of gas GC-MS has moved far beyond its original role in targeted
pollutant detection [11,12,16]. Traditionally used to quantify known analytes through
reference standards, GC-MS is now evolving into a tool for intelligent environmental
diagnostics [1,17]. This transformation is driven by the need to manage complex mixtures
of known and unknown contaminants, particularly in the context of emerging pollutants
and dynamic environmental systems [2,6,15].

Modern GC-MS systems, often combined with high-resolution platforms (e.g.,
GCxGC-ToFMS) and integrated with chemometric and ML tools, enable the interpre-
tation of comprehensive chemical fingerprints [2,18-20]. These intelligent systems can
classify water quality, trace pollution sources, and even predict contaminant behavior
without prior knowledge of analyte identity [1,17,18]. This shift from simple detection
to data-rich diagnostics represents an important change in environmental monitoring,
aligning analytical chemistry with the goals of sustainability, risk prediction, and real-time
decision-making [1,10,23].

This review aims to highlight recent advances in GC-MS chemosensing for environ-
mental applications. It emphasizes the shift from traditional targeted detection to intelligent
diagnostics supported by high-resolution instrumentation, multivariate statistics, and ML.
In addition to these data-driven approaches, we underscore the growing importance of
atomistic calculations and computational chemistry tools that enable predictive modeling
of molecular fragmentation and enhance the interpretation of mass spectra. The structure
of this review covers GC-MS fundamentals, technological innovations such as GCxGC and
portable systems, modern data-analytical methods, and practical applications for monitor-
ing emerging contaminants. The novelty of this review lies in its integrated perspective,
combining analytical chemistry with advanced atomistic simulations and computational
workflows to present GC-MS as a comprehensive, versatile, and predictive platform for
environmental monitoring.

2. GC-MS as a Chemosensing Platform for Environmental Analysis

This section introduces the foundational principles of GC-MS and explores how this
traditional analytical platform has evolved into an advanced chemosensing system for
environmental monitoring.

GC-MS is an analytical technique that combines the high-efficiency separation GC
with the molecular identification and quantification capabilities of MS. In GC, analytes are
vaporized and transported through a capillary column by an inert carrier gas (typically
helium or nitrogen), where separation occurs based on differences in volatility and affinity
toward the stationary phase (Figure 1). This process yields temporally resolved elution
profiles, enabling the deconvolution of complex mixtures into their components [11,12,21].

The eluted compounds then enter the MS detector, where they are ionized, most
commonly through electron ionization (EI) or chemical ionization (CI). EI provides con-
sistent and reproducible fragmentation patterns that facilitate structural elucidation and
database matching, whereas CI generates molecular ions with minimal fragmentation,
aiding in molecular weight determination [11,12]. Ions are separated according to their
mass-to-charge (m/z) ratios using mass analyzers such as quadrupoles, ion traps, or time-
of-flight (ToF) systems. The resulting spectra serve as chemical fingerprints, enabling the
identification and quantification of target and non-target compounds [1,11,16].
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Figure 1. Overview of GC-MS workflow for environmental chemosensing.

GC-MS has become a foundational tool in environmental and water quality monitoring
due to its robustness, high sensitivity, and applicability to a broad range of volatile and
semi-volatile organic pollutants [19,21]. The technique’s integration with extensive mass
spectral libraries and advanced data processing platforms continues to expand its role in
both regulatory and exploratory environmental analyses [15,19].

2.1. Principles and Evolution of Chemosensing in Environmental Applications

Chemosensing in environmental analysis refers to the detection, interpretation, and
classification of chemical information from complex samples by translating molecular-
level interactions into measurable signals. Unlike traditional targeted analysis, which
focuses on the quantification of specific known analytes, chemosensing adopts a broader
systems-level approach. Within this framework, the concept of a chemical “fingerprint” is
used to describe the characteristic patterns obtained from analytical measurements [1,24].
These fingerprints reflect not only the presence of individual contaminants but also their
transformation products and interactions with the natural matrix, such as organic matter,
sediments, or biological components [21].

Environmental fingerprints are thus constructed from complex datasets gener-
ated by advanced techniques such as GC-MS and comprehensive two-dimensional
GC (GCxGC-MS). For instance, Acharya et al. [21] used GC-MS to profile VOCs in aquatic
matrices, demonstrating how VOC patterns could be linked to specific contamination
sources and environmental behaviors. Similarly, Jia et al. [15] employed non-target screen-
ing (NTS) to compare fingerprints across laboratories and instrument setups, highlighting
reproducibility issues and the need for harmonized workflows.

Chemosensing not only accounts for the parent pollutants but also captures secondary
transformation products, metabolites, and interactions with natural matrices, such as
dissolved organic matter, sediments, or microbial communities. For example, in complex
river water analysis, Schreiber et al. [10] demonstrated how environmental fingerprints
could reflect the presence of Watch List substances in both water and microplastics, offering
a broader picture of contaminant fate and transport.

Recent advancements in chemometrics and ML have further enhanced the interpreta-
tion of these fingerprints. Multivariate tools, such as principal component analysis (PCA)
and partial least squares—discriminant analysis (PLS-DA), enable researchers to extract
latent patterns, classify water types, and associate contaminant profiles with anthropogenic
sources or natural gradients [2,16]. Al-driven methods are increasingly integrated into
GC-MS workflows, from tensor-based modeling approaches that automate reproducible
peak table generation to convolutional neural networks that enable robust classification of
complex chemical signatures such as ignitable liquids in fire debris [25,26]. These advanced



Chemosensors 2025, 13, 353

5 of 36

analytical tools illustrate how chemosensing is evolving into a comprehensive approach to
environmental monitoring.

Importantly, chemosensing is not limited to compound detection but extends to
source tracking, ecological risk prediction, and exposome profiling, thereby providing
a multidimensional understanding of environmental quality. This approach is especially
crucial when dealing with CECs, such as pharmaceuticals, personal care products, flame
retardants, or microplastics (and their nano counterparts), which often exist at trace levels
and exhibit complex environmental behavior [6,27].

Central to chemosensing is the concept of chemical signal recognition, a process that
begins with the detection of changes in physical or chemical properties that arise from
complex mixtures. These signals often manifest as shifts in retention time, changes in mass
spectral fragmentation patterns, variations in ion intensity, or alterations in compound elu-
tion behavior. For instance, in the GC-MS-based analysis of different waters contaminated
with pharmaceuticals and pesticides, characteristic ion signatures can signal not only the
presence of parent compounds but also their degradation intermediates or matrix-bound
forms [13,28].

Following signal detection, pattern recognition becomes crucial for interpreting high-
dimensional data. This is typically achieved using chemometric techniques, such as PCA,
PLS-DA, and Hierarchical Cluster Analysis (HCA) [24]. These multivariate tools reduce
data dimensionality while preserving variance, allowing researchers to classify water sam-
ples, group contamination profiles, and identify pollution sources based on their chemical
fingerprints. Vosough et al. [1] applied PCA to distinguish between water samples im-
pacted by agricultural runoff and those affected by urban wastewater. A recent study
demonstrated how GC-MS based technique combined with a two-step chemometric work-
flow, including PCA and PLS-DA, can effectively discriminate wine varieties and identify
characteristic chemical markers, achieving high classification accuracy [29].

Increasingly, ML models such as Support Vector Machine (SVM), Random Forest (RF),
and neural networks are being used to enhance classification performance and support
automated feature extraction. Recent studies have demonstrated that coupling GC-MS
with machine learning enables diverse applications, including the classification of novel
psychoactive substances [30], the authentication and geographic tracing of medicinal plants
such as Artemisia argyi [31], and the robust differentiation of botanical sources, regions,
and production modes of Atractylodes species [32], thereby enhancing both analytical
accuracy and quality control. Additionally, Houhou et al. [2] demonstrated the utility of
unsupervised ML methods for identifying previously unknown patterns of pollutants.

This pattern recognition workflow transforms GC-MS from a conventional detection
tool into an intelligent chemosensing platform, capable of revealing not only the presence
of contaminants but also broader trends related to ecosystem health, pollution origin,
and temporal changes in environmental pressure. As the complexity of environmental
matrices continues to increase, the role of advanced pattern recognition in chemosensing
is expected to become increasingly central to environmental monitoring and regulatory
frameworks [1,2,15,16,33].

The resulting environmental fingerprints, a composite of chromatographic retention
patterns and mass spectral features, act as diagnostic markers for assessing water quality.
These fingerprints reflect not only the presence of target pollutants but also encompass
transformation products, matrix interactions, and unidentified co-contaminants. This rich-
ness of data is particularly valuable in NTS workflows, where prior knowledge of analyte
identity is not required. When interpreted using advanced data processing pipelines,
including unsupervised and supervised ML algorithms (e.g., PCA, HCA, PLS-DA, RF),
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these complex datasets facilitate robust source tracking, early warning detection, and
exposure characterization [1,2].

Such algorithmic interpretation transforms GC-MS from a traditional instrument into
a systems-level chemosensing platform, capable of recognizing subtle shifts in chemical
composition that signal anthropogenic impacts, seasonal variations, or ecological dis-
turbances. These tools have been increasingly applied in water surveillance, sediment
analysis, and pollution source attribution, often in real-time or near-real-time monitoring
systems [1,2,16,19,22,33].

To further illustrate these principles, the following section presents an overview of
core chemosensing concepts as applied in GC-MS-based environmental analysis. Table 1
categorizes the major chemosensing elements that underpin GC-MS-based environmen-
tal monitoring and illustrates how each contributes to data interpretation, contaminant
detection, and ecosystem assessment.

Table 1. Key concepts and functional roles of chemosensing in environmental GC-MS applications.

Concept Key Features Functional Role Ref.
Sienal recognition Detection of molecular-level responses Enables identification of
& sh (e.g., retention time shifts, mass known/unknown analytes and [1,12,34,35]
and processing S
spectra changes) structural elucidation
Pattern Use of PCA, PLS-DA, clustering, Discriminates between sample types,
" and AI/ML pollution sources, [24,36,37]
recognition . s
to recognize trends and contamination events
Provides a holistic chemical profile
Environmental Total ion chromatograms and full-scan for classification, [38,39]
fingerprinting spectra representing the whole sample source tracking, and ’
pollution assessment
Data-rich acquisition .
Non.—Target without predefined Dlscoyery of novgl and [40-43]
Screening (NTS) emerging contaminants
target compounds
Real-time Miniaturized GC-MS devices, sensor  Field-based, rapid decision support for [44-46]
monitoring integration, and remote sensing environmental safety

Yang et al. [47] demonstrated how total ion current profiles obtained by DLLME-GC-MS
for non-targeted screening of VOC in drinking water, highlighting their potential for dif-
ferentiating contamination patterns. Duff et al. [16] demonstrated the use of portable
GC-MS for in-field screening of organic pollutants in soil and water at pollution incidents,
highlighting its potential for rapid environmental assessments relevant to agricultural
contamination scenarios.

Each concept listed in Table 1 illustrates a critical component of how chemosensing
has evolved within GC-MS environmental analysis. Together, they provide a robust analyt-
ical framework for interpreting complex datasets and making informed decisions about
ecosystem health and pollutant behavior.

While traditionally qualitative in focus, these developments have laid the groundwork
for a transition toward quantitative chemosensing, as discussed in the following section.

2.2. Transition from Qualitative to Quantitative Chemosensing

The evolution of chemosensing in GC-MS has progressed beyond the mere qualitative
detection of contaminants to more advanced, quantitative aspects. GC-MS applications in
environmental monitoring primarily focus on identifying the presence or absence of specific
compounds, often by relying on characteristic ion fragments or retention times. While this
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approach remains foundational, it is increasingly complemented by quantitative strategies
that allow for the modeling, prediction, and real-time assessment of environmental dynam-
ics. This evolution is evident in large-scale environmental monitoring campaigns, where
GC-MS data, integrated with predictive models, have enabled the dynamic assessment of
pollutant behavior in aquatic ecosystems [18,27,33].

Quantitative chemosensing uses the benefits of statistical models, chemometric tools,
and ML algorithms to not only measure pollutant concentrations but also predict their tem-
poral variations and ecological effects. These methods enable the estimation of contaminant
fluxes, transformation kinetics, bioavailability, and even potential toxicity, thereby expand-
ing the interpretive power of GC-MS beyond static analysis [2,18,27,33].

Jirayupat et al. [48] developed NPFimg, a machine learning-based approach that
integrates image processing with GC-MS data to automatically identify chemo- and
biomarker features, offering a more reliable alternative to conventional peak picking.
Niarchos et al. [27] introduced chemosensing as part of an early warning system that com-
bines quantitative outputs with effect-based endpoints to signal environmental hazards in
real time, before they escalate. Duff et al. [16] utilized portable GC-MS methods for rapid,
on-site screening of organic pollutants in soil and water, demonstrating their applicability
for field-based environmental incident monitoring.

This shift to quantitative frameworks supports a more proactive approach in envi-
ronmental risk management, regulatory compliance, and ecosystem health monitoring.
The integration of high-resolution data with predictive analytics enables early intervention
and long-term trend forecasting, positioning GC-MS chemosensing as a cornerstone of
next-generation environmental surveillance systems [16,27,33,49].

To provide context, Table 2 summarizes selected case studies where GC-MS has
been applied for quantitative chemosensing in environmental applications, illustrating
how advanced analytical and data-driven approaches enable robust measurement and
interpretation of chemical signals.

Table 2. Selected case studies highlighting quantitative chemosensing in GC-MS environmental

applications.
Application Area Description Ref.
Analysis of 113 pesticides in brown rice, red pepper and orange [50]
Analysis of 222 pesticides in seven different vegetables and fruits [51]
Analysis for 283 pesticides in pepper samples of Canakkale province (Turkey) [52]
Analysis of 311 pesticides in Loamy sand agricultural soils [53]
Pesticides and Analysis of 19 pesticides in 30 types of cereals [54]
Pharmaceuticals Analysis of non-steroidal anti-inflammatory drugs and estrogenic hormones [55]

in water
Quantification of salicylic acid, acetylsalicylic acid, nalidixic acid, ibuprofen,
phenacetin, naproxen, ketoprofen, meclofenamic acid and diclofenac in South [56]
African surface water

Quantification of 41 pharmaceuticals in the geological depression of Rio [57]

Grande do Sul State, Brazil
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Table 2. Cont.
Application Area Description Ref.
Qualitative and quantitative analysis 12 of the most common plastic polymers 58]
in environmental samples
Quantitative analysis of 12 common plastic polymers applying CaCO3 as a [59]
catalyst in pyrolytic behavior of polymers
Microclfclias’fics and Quantitative analysis of plastics in samples of human tissues [60]
i
acaives Quantification of plastic particles (diameter > 700 nm) in human whole blood [61]
from 22 healthy volunteers
Evaluation of Py-GC-MS for quantification of micro- and nanoplastics in [62]
human blood with a pilot study of the Australian population
Analysis of volatile organic compounds in eight kinds of red and green huajiao [63]
spice from different regions of China
Identification and quantification of 104 volatile organic compounds in [64]
fermented sea bass
. . Review of GC-MS analysis of volatile organic compounds in exhaled breath as [65]
Volatile organic biomarkers for cancer, pulmonary and infectious diseases
compounds o P ; ; :
Identification and quantification of 43 volatile organic compounds in raw, [66]
65 °C- and 135 °C-treated milk
Evaluation of a thermal desorption-gas chromatography-mass
spectrometry-ion mobility spectrometry system for standardized quantification [67]
of volatile organic compounds
Review of comprehensive two-dimensional gas chromatography—mass
spectrometry methodologies for analysis of ultra-trace organic pollutants in [68]
Industrial and environmental matrices
agrlcultu'ral pollutants Quantification of 19 organic pollutants (PAHs, BTEX, alkylphenols, tributyltin
(e.g., nitrophenols, . TR . . . [69]
pesticides) and diethylphthalate) in soils irrigated with agro-industrial wastewater
Identification of organic pollutants in distillery wastewater and assessment of [70]
phytotoxic, cytotoxic and genotoxic effects
Identification of mildew markers (1-octen-3-ol and 3-octanone) in japonica rice [71]
Remote sampling and identification of hazardous air pollutants using
drone-mounted solid-phase microextraction coupled with portable gas [72]
Early warning chromatography—mass spectrometry
systems Analysis of 16 polycyclic aromatic hydrocarbons in particulate matter (PM; 5
and PMp) from Hanoi, Vietham using gas chromatography—tandem [73]
mass spectrometry
Quantification of pesticide residues in honey bees, pollen, honey, vegetables [74]

and other matrices in Italy

3. Sample Preparation Trends in GC-MS-Based Chemosensing

The accuracy and sensitivity of GC-MS-based chemosensing heavily depend on the

efficiency and reproducibility of the sample preparation process. The role of sample

preparation as the critical initial step within the integrated GC-MS chemosensing workflow

is highlighted in Figure 1. In environmental applications, complex matrices such as surface

water, wastewater, sediments, and biota contain diverse organic and inorganic constituents

that can interfere with the detection and interpretation of chemical signals. Therefore,

robust sample preparation techniques are essential not only for isolating analytes of interest



Chemosensors 2025, 13, 353

9 of 36

but also for preserving the chemical information necessary for chemosensing, such as
retention behavior and fragmentation patterns [15,75,76].

Traditional extraction methods. Classical techniques such as liquid-liquid extraction
(LLE) and solid-phase extraction (SPE) have long been foundational in environmental sam-
ple preparation due to their operational simplicity and broad compatibility with regulatory
guidelines. These methods are still widely employed in environmental monitoring pro-
grams for isolating organic pollutants, particularly when targeting hydrophobic compounds
in aqueous matrices. SPE, in particular, remains a preferred method for pre-concentrating
trace analytes due to its effectiveness in enriching non-polar substances [76].

However, traditional techniques also present notable limitations, including high sol-
vent consumption, extended processing times, and relatively low selectivity, which hinder
their scalability in high-throughput or real-time chemosensing workflows. As environmen-
tal monitoring shifts toward automation and miniaturization, these conventional methods
are increasingly complemented or replaced by greener and faster alternatives [75,77].

Modern microextraction techniques. In response to the demand for greener and
more efficient analytical workflows, advanced sample preparation strategies such as solid-
phase microextraction (SPME), stir-bar sorptive extraction (SBSE), and dispersive liquid—
liquid microextraction (DLLME) have gained prominence. These solvent-minimized or
solvent-free techniques offer enhanced sensitivity and selectivity for volatile and semi-
VOCs while minimizing environmental impact. Their miniaturized format also supports
high-throughput sampling and integration with in situ or on-site monitoring platforms.
For example, SPME-GC-MS enabled high-resolution temporal and spatial profiling of
environmental contaminants, supporting exposomic applications and fine-scale ecological
assessments [7,78,79]. Similarly, Pefialver et al. (2022) [77] applied a non-targeted DLLME-
GC-MS strategy for the identification of a wide range of environmental pollutants, including
chlorinated hydrocarbons, in coastal seawater. Their method achieved high sensitivity
and selectivity, demonstrating the potential of DLLME-GC-MS for real-world monitoring
applications. Tian et al. (2025) [78] discussed DLLME-GC-MS among other advanced
microextraction methods for VOCs, highlighting its efficacy for trace-level analysis in
complex matrices such as groundwater.

To illustrate these approaches more clearly, Figure 2 presents schematic workflows of
three selected sample preparation techniques: SPE, DLLME, and SPME. These methods
were chosen as representative examples because they cover traditional, solvent-minimized,
and solvent-free strategies, respectively. The schemes highlight the main steps involved in
coupling sample preparation with GC-MS chemosensing for environmental water analysis.

These techniques preserve analyte integrity, minimize matrix interference, and enable
efficient chemosensing workflows, particularly relevant in regulatory monitoring and
non-targeted environmental screening.

Online and automated sample preparation: The automation and online coupling of
sample preparation with GC-MS systems are increasingly adopted to support real-time
environmental monitoring. These platforms reduce operator variability, enhance method
reproducibility, and enable rapid screening of complex matrices such as wastewater, river
water, and groundwater. Recent advances demonstrate how automation and machine
learning enhance the robustness and efficiency of GC-MS analysis: Ferracane et al. [80]
optimized fast automated workflows for quantitative analysis of fatty acid methyl esters,
Fan et al. [81] developed DeepResolution? to fully automate untargeted GC-MS data
interpretation with improved peak resolution and quantification, while Nam et al. [82]
introduced scripting tools for GCxGC-MS that rapidly classify compound groups in
complex mixtures. Sciex and Phenomenex presented an automated SPE system for PFAS
monitoring in drinking water, enabling ppt-level detection with consistent recovery and
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precision. AISTI Science implemented an online SPE-FastGC/MS/MS system to monitor
pesticide residues in river water, supporting fast and automated field deployment.

Water sample |

SPE DLLME SPME
cartridge conditioning add solvents fiber adsorption
analyte retention (extraction and dispersive) thermal desorption
elution with solvent cloudy solution

centrifugation
collect extract

l

GC-MS

Fingerprints

Figure 2. Schematic workflows of selected sample preparation techniques for GC-MS chemosensing

of water samples.

Towards sustainable and high-throughput preparation: The ongoing direction to-
ward greener and more efficient analytical chemistry has accelerated the development
of sustainable sorbents, miniaturized extraction systems, and reusable platforms. Recent
innovations include the application of nanostructured materials, bio-based polymers, and
molecularly imprinted polymers (MIPs), which offer enhanced selectivity, high sorption
capacity, and operational reusability, key features for sustainable GC-MS workflows in
environmental analysis [75,76].

These eco-friendly strategies are particularly valuable for high-throughput screening
of pollutants in complex matrices, supporting long-term monitoring with reduced environ-
mental burden and cost. The evolution of sample preparation technologies is illustrated in
Figure 3, which contrasts classical solvent-intensive techniques with modern, miniaturized,
and automated methods across key analytical stages.

Traditional

techniques

Modern (automated)
techniques

LLE, SPE SPME, SBSE, DLLME, MIPs
Solvent evaporation Solvent-free / direct desorption
Cleanup
Silica, alumina Magnetic nanoparticles, green sorbents
Manual injection Online coupling, autosamplers

W
S semimbiliy&twoughpu

Solvent-intensive, batch processing Green chemistry, high-throughput, reusable platforms

Figure 3. Evolution of sample preparation strategies in GC-MS based environmental chemosensing,
highlighting the shift from traditional methods to modern, green, and automated approaches.
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4. The Role of Atomistic Calculations in Complementing GC, MS,
and GC-MS Analytical Methods

4.1. Introduction to Atomistic Calculations

Atomistic calculations have steadily become one of the most important components of
modern research. These methods allow researchers to explore and predict the behavior of
matter at an atomic level and they make it possible to simulate molecular structures, reaction
pathways, energy landscapes, and dynamic processes, delivering results that complement
and often guide experimental investigations. By solving the Schrodinger equation, atomistic
methods offer insight at a resolution that is unavailable through macroscopic techniques
alone [83-85].

In chemistry, atomistic simulations help in understanding reaction mechanisms, pre-
dicting thermodynamic and kinetic properties, designing catalysts, and modeling the
electronic structure of molecules and materials [86-90]. In physics and materials science,
they provide essential insights into phenomena such as phase transitions, band structure,
defect formation, and surface interactions in solids, nanomaterials, and molecular crys-
tals [91-95]. In biology and biophysics, quantum and classical atomistic approaches are
widely used to study enzyme mechanisms, drug-receptor interactions, and the folding and
stability of biomolecules [96-99]. The power of these calculations lies in their generality,
since they allow from modeling small gas-phase molecules to simulating large solvated
biomolecular complexes or condensed-phase materials.

With the increasing power of computers and the development of efficient algorithms,
atomistic calculations have also become highly accessible for applied and interdisciplinary
research. In environmental science, for instance, they are routinely employed to study
the degradation of pollutants, sorption processes, and chemical transformations in water,
air, and soil matrices [100-103]. The integration of collected data into ML workflows is
further expanding their role in predictive modeling and screening studies [104,105]. Such
versatility makes atomistic methods not only tools for understanding but also engines for
discovery, enabling the design of new molecules, materials, and sensors before they are
synthesized or fabricated.

Within the context of analytical chemistry, and particularly GC, MS, and combined GC-
MS methods, atomistic calculations serve a crucial complementary function. While GC-MS
provides robust experimental data on molecular identity and abundance, it often lacks direct
mechanistic insight into fragmentation pathways, reactive intermediates, and the stability
of detected species. Atomistic calculations help bridge this gap by allowing researchers
to model the molecular structure and reactivity of analytes, simulate degradation and
fragmentation mechanisms, and predict molecular properties such as ionization potential,
bond dissociation energies, and electron affinity [106-108]. This mechanistic layer of
interpretation is especially critical in environmental water analysis, where identifying and
understanding the fate of pollutants under complex conditions is of both scientific and
regulatory importance.

Atomistic methods can be broadly classified based on their underlying theoretical
foundation into four main categories: wavefunction-based methods, electron density
methods, semiempirical methods, and hybrid methods.

Wavefunction-based methods are the most fundamental quantum mechanical ap-
proaches, in which the electronic structure of a molecule is described explicitly through
the many-electron wavefunction. The most prominent example is the Hartree—Fock (HF)
method, a mean-field approximation that accounts for electron—electron repulsion in an av-
erage manner. While useful, HF neglects electron correlation, which is a critical component
for achieving reasonable accuracy.
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Extensions of the HF method that incorporate electron correlation are collectively
known as post-HF methods. Some of the most widely used among these are Meller—
Plesset perturbation theory (MP2), Coupled Cluster methods (such as CCSD and CCSD(T)),
and Configuration Interaction. These methods offer high accuracy and are often used as
benchmark standards; however, they are computationally expensive and typically limited
to small molecular systems. Post-HF methods are particularly valuable for the detailed
analysis of specific chemical processes, such as bond cleavage, radical formation, or proton-
coupled electron transfer, especially in the context of pollutant degradation [109,110].

Methods based on electron density are built on the principle that all ground-state
properties of a system can be determined from its electron density, rather than its many-
electron wavefunction. This conceptual shift, formalized in the Hohenberg-Kohn theorems,
significantly reduces computational cost while maintaining reasonable accuracy. The foun-
dation of these methods is the density functional, which is a mathematical expression that
relates the electron density to the system’s total energy. While Density Functional Theory
(DFT) is widely regarded for offering one of the best accuracy-to-cost ratios in atomistic
modeling, it faces the challenge that no exact universal functional exists. Instead, a vast
library of approximate functionals has been developed, each optimized for different classes
of chemical systems or properties. Some well-known functionals are B3LYP (a hybrid
functional popular for organic molecules and general chemistry applications) [111-114],
PBE (widely used in solid-state and materials science) [115,116], M06 family (often applied
to main-group thermochemistry and non-covalent interactions) [117-120], wB97X-D (func-
tional that includes long-range corrections and dispersion interactions, suitable for large
and weakly interacting systems) [121,122]. By now, it has been demonstrated so many
times that the choice of functional can significantly influence results. Nevertheless, its
versatility and reliability make DFT a method of choice for modeling molecular structures,
reaction mechanisms, thermodynamic parameters, and charge distributions.

Semiempirical quantum methods are a special class of techniques designed to re-
duce computational cost while preserving essential features of quantum mechanical ac-
curacy [123]. These methods are particularly valuable when dealing with large systems
or when rapid screening of numerous molecular structures is required. Semiempirical
methods simplify electronic structure calculations by using empirically derived parameters,
often obtained from experimental measurements or high-level theoretical data [124,125].
Like the more rigorous methods, they can be based on either wavefunction or electron
density frameworks.

The best-known wavefunction-based semiempirical methods include MNDO, AM1, PM3,
and PM6, foundational methods with increasing parameterization and accuracy [126-128].
PM7 method [129] is the most advanced in this family, developed by Dr. James Stew-
art [129]. PM7 is known for its ability to compute properties such as heats of formation
with reasonable accuracy and extremely low computational demands.

In parallel, density-based semiempirical approaches have seen substantial ad-
vancements through the development of Density Functional Tight-Binding (DFTB)
methods [130-133]. Among these, the GFEN (Geometry, Frequency, Non-covalent) fam-
ily, GEN1-xTB, GFN2-xTB, and GFN-FE, developed by Prof. Stefan Grimme and coworkers,
stand out as the most powerful and broadly applicable tools in this category [123,134-137].
These methods are widely used for structure optimization, estimating thermodynamic
properties, and simulating fragmentation in large or flexible molecular systems.

The computational efficiency of semiempirical methods enables their use in high-
throughput screening, rapid conformational searches, and even in real-time simu-
lations, such as those required in automated fragmentation algorithms and mass
spectrum predictions.
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Hybrid and multiscale methods are a special class of computational techniques that
utilize the strengths of both quantum mechanical accuracy and computational efficiency.
These methods divide a molecular system into distinct regions, each treated with a different
level of theory depending on its relevance to the process under investigation [138,139]. The
general strategy is to apply a high-level quantum mechanical method (such as DFT or even
post-HF) to the chemically active region, typically where bond-breaking, electron transfer,
or adsorption occurs, while using a lower-level method (such as semiempirical quantum
mechanics (SQM) or even molecular mechanics (MM)) for the surrounding environment or
less critical parts of the system.

For example, in the context of environmental GC-MS applications, one might con-
sider the use of two-dimensional adsorbent surfaces such as graphene for capturing small
analytes [140]. The majority of the extended adsorbent (e.g., graphene, MoS,, or a function-
alized silica surface) can be treated with a computationally inexpensive method, while the
adsorption site and the interacting molecule are modeled using DFT for an accurate de-
scription of non-covalent interactions, charge transfer, or surface reactivity. The QM/SQM
or QM /MM approaches offer a substantial speed-up without compromising accuracy at
the chemically relevant site.

There are several relevant examples where hybrid methods have been applied in this
context. In a recent study by Riyaz and Goel [141], QM /MM techniques were used to
investigate the selectivity and permeability of nitrogen-passivated nanoporous graphene
membranes for arsenate and chromate removal. Treating the pore region with DFT and the
rest of the sheet with molecular mechanics, they showed that target molecules interact via
hydrogen bonding and physisorption, with diffusion barriers indicating high selectivity
for certain pore sizes. While focused on water purification, this work shows how hybrid
methods can reveal analyte-surface interactions, adsorption stability, and selective diffusion
in 2D materials. These insights can support the design of improved retention materials and
selective coatings for GC-MS applications.

In a recent study by Mollaamin and Monajjemi (2023) [142], a sophisticated ONIOM
hybrid method was applied to investigate CO, adsorption on transition-metal-doped
graphene nanosheets with iron, nickel, and zinc as dopants. By combining DFT
(CAM-B3LYP/6-31+G(d,p), LANL2DZ) with semiempirical methods and classical force
fields, they captured both local adsorption chemistry and extended sheet behavior. Their
results showed strong CO, affinity via cooperative donation-back-donation interactions,
supported by favorable dipole moments and Gibbs free energies. Although aimed at gas
sensing, these insights are directly transferable to GC-MS workflows, where functionalized
2D materials could serve as selective stationary phases or microextraction membranes. Hy-
brid methods like ONIOM can thus provide valuable mechanistic guidance for designing
selective retention and separation materials in environmental GC-MS applications.

4.2. Software Packages and Codes for Performing Atomistic Calculations

The remarkable growth of computational materials science in recent years has led to
the development of a broad range of software packages designed to perform atomistic
simulations efficiently, many of which can now operate on standard personal computers.
In general, these tools can be divided as open-source, free for academic use, or commercial.
Each class offers a distinct advantage depending on user needs, project scale, and available
financial and computational capabilities.

Open-source software remains a vital foundation of academic research thanks to
its transparency, adaptability, and active development communities. For molecular-
scale systems, PSI4 [143-145] provides high-level quantum chemistry methods, while
Multiwfn [146-149] serves as a versatile platform for advanced wavefunction analysis.
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The latest version of PSI4 (version 1.10) is available at the official GitHub repository
https://github.com/psi4 (accessed on 1 August 2025), while Multiwfn is freely avail-
able at the official website of Prof. Tian Lu http://sobereva.com/multiwfn/ (accessed
on 1 August 2025). When discussing semiempirical methods, the xTB code [123,134-137]
developed by Grimme’s group has gained particular popularity, as it enables rapid pre-
optimization, conformer searching, and molecular dynamics for systems ranging from small
organic molecules to large nanoclusters using the GFN family of methods. Additionally, its
GFN-FF force field further extends this capability by delivering robust atomistic simula-
tions with wide-ranging chemical coverage. Recently, the long-awaited g-xTB method has
become available to users, currently only on Linux-based platforms [150]. The software
tools developed by Grimme’s group are freely accessible through their official GitHub
repository at https:/ /github.com/grimme-lab (accessed on 1 August 2025), ensuring easy
access for researchers worldwide.

Still in the area of semiempirical methods, MOPAC [126-129] has long been present
in the field as one of the most important tools for atomistic calculations, providing robust
PM-family Hamiltonians for efficient geometry optimizations, thermochemical calculations,
and electronic property predictions across a broad range of molecular systems. Its con-
tinued development, led by Prof. James Stewart, has ensured compatibility with modern
computational workflows while maintaining user-friendliness and fast performance, even
for relatively large organic and organometallic compounds. The MOPAC software has been
for a long time freely available only for academic use through its official distribution page
at http:/ /openmopac.net. However, since 2022 it has been open-source and available at the
official GitHub repository https://github.com/openmopac/mopac (accessed on 1 August
2025). MOPAC is further maintained by the The Molecular Sciences Software Institute
(MolSSI, https:/ /molssi.org/, accessed on 1 August 2025).

For simulations based on force fields, LAMMPS [151,152] and GROMACS [153-160]
are among the most widely adopted open-source molecular dynamics engines. LAMMPS
is especially well-suited for hybrid and inorganic materials, while GROMACS, although
historically tailored for biomolecules, has also seen applications in complex material and
solvent systems [161].

Free-for-academic software is one more very important class, combining advanced
capabilities with no-cost licenses for research. A prominent example is ORCA [138,162-169],
which supports a wide spectrum of DFT and wavefunction-based methods, hybrid function-
als, and TD-DFT, making it highly valuable for modeling clusters, dopants, and excited-state
properties. The continuous improvements in ORCA’s performance and scalability have
made it a workhorse for many sophisticated electronic structure studies. Just recently,
a new version of ORCA (ORCA 6.1) has been launched. Like all other revisions and ORCA
tools, it is available at the official portal https://orcaforum.kofo.mpg.de/app.php/portal
(accessed on 1 August 2025), after registration.

In parallel with traditional installation-based packages, cloud-based modeling plat-
forms have gained ground thanks to their simplicity and accessibility. One note-
worthy academic resource is atomistica.online (https://atomistica.online, accessed on
1 August 2025) [170-172], which provides a fully browser-based environment for semiem-
pirical calculations, supporting engines such as xIB, MOPAC, and SHERMO [173]. The
platform also includes utilities for building molecular dynamics systems, constructing
ionic liquid ion pairs, performing conformer searches with RDKit [174], and generating
reduced density gradient plots via Multiwfn. These features are seamlessly integrated in
an easy-to-use web interface, eliminating the need for complex local setups. Recent addi-
tions include models such as OMol25 and UMA, broadening its applicability in modern
molecular screening workflows.
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Commercial software solutions, in turn, target both industrial and high-end aca-
demic users with powerful, fully supported packages, often featuring intuitive GUIs
and tightly integrated toolchains. Notable options include the Materials Science Suite
from Schrodinger (https://www.schrodinger.com, accessed on 1 August 2025), ADF
from SCM (https://www.scm.com, accessed on 1 August 2025), and QuantumATK
by Synopsys (https:/ /www.synopsys.com/manufacturing/quantumatk.html, accessed
on 1 August 2025). These platforms combine periodic and molecular DFT capabilities
with advanced MD engines, postprocessing tools, and ML-ready descriptor generators.
Schrodinger’s suite, for example, integrates Quantum ESPRESSO for DFT and Desmond
for MD in a user-friendly workflow, while ADF offers periodic DFT through its BAND
module. QuantumATK similarly supports robust atomistic modeling pipelines, includ-
ing band structure analysis and property prediction. On the commercial side of on-
line platforms, Rowan (https://rowansci.com, accessed on 1 August 2025) and Samson
(https:/ /www.samson-connect.net, accessed on 1 August 2025) represent modern examples
of browser-based interfaces with professional support.

In practice, each of these categories provides complementary benefits. Open-source
software offers maximum transparency and collaborative potential, while free-for-academic
licenses lower barriers to advanced methods. Commercial platforms, though requiring
investment, deliver premium features and expert assistance. Depending on the goals of
a study, researchers can select and combine these tools for effective and reliable atomistic
modeling workflows.

4.3. Atomistic Calculations as a Complement to GC, MS, and GC-MS

Atomistic calculations play a crucial complementary role, enabling researchers to
model and predict processes that are difficult or impossible to probe experimentally. This
section highlights several major ways in which atomistic methods enhance analytical
interpretations: modeling fragmentation, mapping molecular reactivity, and exploring
pollutant behavior in dynamic aqueous environments.

4.3.1. Supporting Interpretation of Fragmentation and Degradation

Mass spectrometry is a powerful tool for identifying chemical species based on their
m/z ratios. However, for complex or novel analytes, fragmentation pathways are not
always straightforward, and experimental spectra can be difficult to interpret without mech-
anistic insight. Atomistic calculations, particularly those based on DFT and semiempirical
methods, can help in this area, by enabling the prediction of fragmentation mechanisms
and the identification of likely intermediates.

One of the most essential fundamental applications of DFT in this context is the
calculation of bond dissociation energies (BDEs), which provides direct information about
the relative stability of chemical bonds. By identifying the weakest bonds in a molecule,
one can anticipate which fragments are most likely to appear in the mass spectrum after
ionization. This approach is beneficial for understanding EI and CID processes.

Lienard et al. (2015) [175] applied DFT calculations to predict the autoxidation sensi-
tivity of active pharmaceutical ingredients by estimating C-H bond dissociation energies
across a diverse set of 45 compounds. Comparing different DFT functionals, they identified
PBE as a good balance between speed and accuracy for routine stability risk assessment.
Although aimed at formulation stability, this BDE-based approach is directly valuable
for GC-MS structural analysis by highlighting labile bonds, aiding the interpretation of
fragmentation pathways, and predicting likely degradation products.

Andersson et al. (2017) [176] developed an automated DFT-based protocol to estimate
C-H BDEs and predict autoxidation sensitivity in drug candidates. Their results showed
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that multiple functional groups usually stabilize radicals involved in degradation, and
their workflow makes such calculations accessible even to non-specialists. This protocol
is valuable because it enables scientists to combine BDE concepts with experimental data,
directly supporting GC-MS structural analysis by identifying labile bonds and potential
degradation fragments early in the development process.

The protocols developed in the previously mentioned studies [175,176] motivated
our research group to adopt a similar approach, particularly focusing on hydrogen bond
dissociation energies (H-BDE) to identify molecular sites where degradation could be initi-
ated [177,178]. In most of our studies, we employed the B3LYP density functional together
with the 6-311G(d,p) basis set, providing a reliable compromise between computational
efficiency and predictive accuracy.

However, instead of relying solely on physically grounded atomistic calculations, it
is possible to cover a much broader chemical space by combining these methods with
ML. For example, in a recent study by Shree Sowndarya et al. (2023) [179], a graph-based
ML model was trained on over 530,000 DFT-calculated bond dissociation enthalpies to
predict homolytic BDEs of halogenated and environmentally relevant compounds with
high accuracy. Although aimed at broad chemical coverage, this work is highly relevant
to GC-MS, where bond dissociation energetics define fragmentation pathways. Such
predictive models can support GC-MS analysis of complex or emerging pollutants by
highlighting labile bonds and improving structural assignments.

In the context of environmental water analysis, where degradation products of pes-
ticides, pharmaceuticals, and industrial chemicals often appear in trace amounts, com-
putational prediction of reactive intermediates and radical pathways is critical [180,181].
Atomistic methods allow for the exploration of hydrogen abstraction, hydroxylation, and
oxidative cleavage, reactions frequently triggered by exposure to UV light, ozone, or ad-
vanced oxidation processes [182-184].

In addition to modeling primary fragmentation, atomistic calculations can be used
to simulate the energetics and structures of degradation products, providing theoretical
spectra for comparison with experimental data [185,186]. This is especially valuable in
situations where tandem MS (MS/MS) is unavailable or prohibitively expensive, and re-
searchers must rely on single-stage mass spectra and chromatographic retention times to
identify unknowns. Furthermore, combining fragmentation energetics with transition state
(TS) searches or intrinsic reaction coordinate (IRC) calculations allows for the mapping
of complete degradation pathways, offering insight into both kinetics and thermodynam-
ics of pollutant transformation [187,188]. These mechanistic insights can then inform
environmental risk assessments and guide the development of remediation strategies.

4.3.2. Local and Global Reactivity Descriptors

Atomistic calculations, especially those based on the DFT approach, offer an array of
descriptors that quantify molecular reactivity at both the local (site-specific) and global
(molecule-wide) level [189,190]. These descriptors are especially valuable in environmental
water analysis for understanding pollutant behavior, predicting degradation hotspots,
and guiding sensor design [191,192].

Several quantum-molecular descriptors can map regions of high or low reactivity on
a molecular surface. These include molecular electrostatic potential (MEP), average local
ionization energy (ALIE) and topology of frontier orbitals (HOMO-LUMO topology).

MEP descriptor provides information about the distribution of electrostatic potential
around a molecule. Regions of negative potential (electron-rich) are prone to electrophilic
attack, while areas of positive potential (electron-deficient) are prone to nucleophilic at-
tack [193-199]. This descriptor is particularly useful for predicting sites of oxidation
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or interactions with charged species in water. The ALIE descriptor gives information
about the energy required to remove an electron from a specific region on a surface of
a molecule [200-204]. This descriptor may be useful for identifying regions potentially
more sensitive to electron loss and oxidative degradation. ALIE could be particularly rele-
vant for exploring the behavior of pollutants under photooxidative conditions or advanced
oxidation processes.

It is essential to mention that both MEP and ALIE descriptors can be presented visually
in the form of surfaces by mapping their values to the electron density surface. In this way,
scientists obtain a very intuitive and describable tool to identify the most reactive molecular
sites, which is essential for a deeper understanding of the results obtained by GC, MS and
GC-MS experimental methods.

Topology of frontier molecular orbitals is another important concept for visually iden-
tifying the most reactive molecular sites. The spatial distribution of the highest occupied
molecular orbital (HOMO) and the lowest unoccupied molecular orbital (LUMO) provides
information on donor and acceptor sites [205-208]. HOMO-localized regions may be vul-
nerable to electrophilic attack or ionization, while LUMO-localized areas may serve as
nucleophilic targets or sites for reduction.

These local descriptors allow researchers to rationalize fragmentation patterns in
MS spectra, model interactions with sensor surfaces (e.g., adsorption in GC columns),
and predict reactive sites in degradation processes.

In addjition to site-specific information, atomistic calculations offer global descriptors
that summarize the overall chemical reactivity and stability of a molecule [209-213]:

e Jonization potential (IP) and electron affinity (EA): These fundamental quantities
reflect a molecule’s tendency to lose or gain electrons and can be directly linked to
oxidation or reduction potential in environmental reactions.

o  Chemical hardness and softness: Hard molecules are generally less reactive, while
soft molecules are more prone to undergo chemical transformations. These in-
dices are derived from frontier orbital energies and provide a theoretical basis for
pollutant persistence.

e  Electrophilicity index (w): This parameter quantifies a molecule’s overall tendency to
accept electrons and engage in reactions with nucleophiles. Molecules with high w may
react rapidly with biological nucleophiles or natural reductants in aquatic systems.

e  Chemical potential (y): Indicates the escaping tendency of electrons from a molecule,
closely related to molecular stability and charge transfer behavior.

Collectively, these descriptors can be computed with relatively modest computational
resources and integrated into predictive workflows. For example, they can be used to
prioritize pollutants for monitoring based on reactivity, to correlate GC retention times
with molecular polarity or size, or to anticipate the fate of contaminants under various
oxidative treatments.

There is a vast number of published studies where global and local reactivity descrip-
tors have been utilized to identify the reactive molecular sites, and therefore molecular
sites sensitive to various types of chemical attacks that could initiate the fragmentation of
molecules, while these information is very important for the understanding of the obtained
experimental results via GC MS methods.

For example, in a study by Wang et al. (2014) [214], DFT and TDDFT calculations
were performed to explore the photodechlorination mechanisms of 35 polychlorinated
biphenyl (PCB) congeners, using BDEs and activation energies for C-Cl bond cleavage
as key indicators. Their results linked the degree of ortho-chlorine substitution to ring
deformation in the excited state, affecting photoreactivity and preferred dechlorination
pathways. These findings directly support GC-MS studies by identifying the weakest C-Cl
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bonds most prone to fragmentation, aiding structural elucidation and understanding of
PCB transformation products in environmental monitoring.

In one of our studies [215], DFT calculations were used to characterize the degradation
pathways of loratadine (LOR), a widely used antihistamine frequently detected in wastewa-
ter. We calculated H-BDE, identifying likely sites for oxidative and hydrolytic degradation.
Local reactivity descriptors, including MEP, ALIE, and Fukui functions, highlighted the
pyridine nitrogen and certain oxygen atoms as key reactive centers. These results are
directly relevant for GC-MS workflows, where understanding bond strengths and reactivity
patterns helps interpret fragmentation pathways and trace environmental transformation
products of pharmaceutical pollutants.

4.3.3. Molecular Dynamics for Environmental Behavior

While quantum chemical methods provide valuable insights into electronic structure
and molecular reactivity, they are inherently “static”, i.e., they are describing molecules
as fixed geometries located on a potential energy surface. However, many processes in
environmental systems are dynamic in nature: molecules interact with solvents, aggregate,
diffuse, and undergo conformational changes over time. To model such time-dependent
behavior, molecular dynamics (MD) simulations are indispensable.

MD is a computational technique that simulates the physical movements of atoms and
molecules over time by numerically solving Newton’s equations of motion. Each atom is
treated as a classical particle, and its trajectory is computed based on the forces acting on it.
These forces are derived from the system’s potential energy, which is typically described by
a force field. A force field is a mathematical model that estimates the potential energy of
a molecular system as a function of atomic positions. It includes terms for bond stretching,
angle bending, torsional rotations, and non-bonded interactions such as van der Waals
forces and electrostatics. Common empirical force fields used in MD include AMBER [216],
CHARMM [217-219], and OPLS [220-225], which have been extensively parameterized for
biomolecules, organic compounds, and polymers.

While classical force fields offer excellent speed and scalability, it is also possible to
compute the total energy during MD simulations using quantum mechanical methods.
Approaches such as Car-Parrinello MD or Born—-Oppenheimer MD enable a quantum
treatment of electrons, typically employing DFT. However, these methods are computation-
ally demanding and generally restricted to small systems and short timescales. For larger
systems or longer simulations, semiempirical quantum methods, such as GFN-XTB, offer
a compromise between accuracy and efficiency. In fact, the recently developed force field
based on the GFN-xTB approach, the GFEN-FF [137], might be a game-changer in times to
come, as it offers simple usage with huge coverage of elements (up to Z = 86). Just recently,
Grimme’s research group released the latest semiempirical method denoted as g-xTB [150],
with significantly improved accuracy compared to GFN2-xTB.

In the context of environmental water analysis, MD simulations provide critical in-
sights that complement and extend findings from GC-MS measurements. They enable
researchers to explore solubility, aggregation tendencies, diffusion behavior, and interac-
tions with sensor materials under realistic, thermally fluctuating conditions.

In our own work, we applied MD simulations together with DFT calculations to
study loratadine, a widely used antihistamine frequently detected in water [215]. Through
MD simulations with explicit water models, we identified key molecular regions with the
strongest interactions with solvent molecules by analyzing radial distribution functions
(RDFs). These interactions, especially around the chlorine atom and selected carbon
atoms, highlighted sites potentially prone to hydrolysis or further degradation. When
combined with our BDE calculations that indicated oxidation-sensitive sites, these MD
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results provided a more comprehensive picture of loratadine’s behavior under realistic
aqueous conditions. This atomistic-level understanding supports the interpretation of
GC-MS fragmentation patterns of loratadine and its transformation products, ultimately
improving confidence in compound identification and environmental risk assessments.

In a recent study, Dixon et al. (2022) [226] combined advanced MD simulations with
hydrogen-deuterium exchange mass spectrometry (HDX-MS) to solve the structural and
dynamic determinants of targeted protein degradation. Their enhanced MD simulations,
guided by HDX-MS data, revealed key conformational ensembles of E3 ligase complexes,
while proteomics experiments confirmed predicted ubiquitination sites. This integrative
approach highlights how atomistic modeling and mass spectrometry can synergistically
explain and predict protein modification pathways, setting a benchmark for linking simula-
tions with MS data in complex biological and analytical systems.

4.3.4. Searching Conformational Space

Gaining insight into the conformational preferences of organic compounds is essen-
tial for understanding their behavior in GC-MS and related analytical techniques. Many
molecules contain flexible side chains, heterocyclic systems, and multiple functional groups
that often allow these molecules to adopt various spatial arrangements, which shift de-
pending on temperature, solvent conditions, or sample matrix effects. These different
conformers can vary in stability, steric hindrance, and hydrogen-bonding patterns, which
in turn may alter fragmentation routes, affect retention characteristics, and influence ion-
ization efficiency, all factors that shape the observed mass spectra.

Atomistic calculations that aim to model bond dissociation energies, reactivity descrip-
tors, or local reactive sites must account for this structural flexibility to provide reliable
predictions. Relying on a single, arbitrarily chosen geometry risks overlooking low-energy
conformers or reactive motifs that could dominate the experimental signal. Therefore,
systematic conformational sampling is a critical prerequisite for trustworthy computa-
tional support of GC-MS analysis. Exploring the accessible conformational space allows
researchers to identify representative structures, determine the ensemble-averaged prop-
erties, and connect experimental observations to fundamental molecular behavior with
greater confidence.

GOAT implementation in ORCA. A key challenge in conformational analysis is to
move beyond finding a single optimized geometry and instead systematically explore
the entire conformational ensemble relevant to experimental conditions. In this context,
ORCA’s Global Optimizer Algorithm (GOAT) offers a robust framework. GOAT combines
principles of basin-hopping, minima-hopping, simulated annealing, and taboo search to
locate the global minimum on a potential energy surface efficiently (PES) and identify
nearby low-energy conformers [227-229].

The algorithm works by first optimizing the initial input structure to the nearest local
minimum and then performing uphill moves in random directions to escape local minima,
followed by new optimizations. By repeating this cycle, GOAT samples diverse regions
of the PES, gathering a conformational ensemble that is relevant for thermodynamic and
spectroscopic averaging. Unlike standard local optimizations, this approach systemat-
ically collects structures, providing insight into conformer energies, degeneracies, and
entropic contributions.

GOAT is highly parallelizable, allowing multiple “workers” to independently sam-
ple and optimize candidate structures, making it suitable even for moderately large sys-
tems. While it can be used with DFT, it is typically paired with faster semi-empirical
methods, such as GFN2-xTB, to manage computational costs. Ultimately, GOAT enables
researchers to generate a well-characterized ensemble of conformers, facilitating more
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robust predictions of reactivity, fragmentation, and spectral behavior relevant to GC-MS
and environmental analysis.

The GOAT procedure has been particularly useful for our research group recently, as
we used it to find global minima of hundreds of ionic liquids we studied for building ML
models to predict density and viscosity [170]. Specifically, we applied the GEN-FF force
field during the GOAT global minimum search.

CREST method and code: The Conformer—Rotamer Ensemble Sampling Tool (CREST)
is a powerful utility built around the GFN-xTB family of semi-empirical methods, devel-
oped to systematically explore and sample the low-energy chemical space of molecular
systems [230-236]. Its primary goal is to generate a diverse and thermodynamically relevant
ensemble of conformers and rotamers, which are essential for understanding molecular
properties under realistic conditions. CREST handles not only conformers but also rotamers
to account for the complete accessible conformational ensemble.

The core CREST workflow, called iMTD-GC (iterative metadynamics and genetic
crossing) [236], combines metadynamics sampling with a genetic crossing strategy. In
this procedure, bias potentials are applied to encourage the molecule to escape already-
visited minima, while the genetic crossing step creates new structures by recombining
internal coordinates from existing low-energy structures. These candidate geometries
are then optimized and filtered. This approach ensures efficient sampling of relevant
conformers while systematically avoiding duplication, leading to a representative ensemble
of low-energy structures.

Beyond standard conformer searches, CREST offers workflows for explicit solvation
(via Quantum Cluster Growth, QCG), constrained sampling, protonation/deprotonation
site screening, and even automated fragmentation product searches relevant to mass spec-
trometry (MSREACT). The built-in capabilities for calculating ensemble entropies and free
energies also make the software valuable for thermochemical and spectroscopic studies.

For demonstration purposes, we describe our application of the CREST and GOAT
workflows, employing the GFN2-xTB method to identify the lowest-energy conformer of
ibuprofen, a widely studied pharmaceutical compound and recognized water pollutant
due to its extensive use in the pharmaceutical industry. The initial structure of ibuprofen
was intentionally distorted, with its isobutyl group arranged in an almost linear conforma-
tion, to challenge the CREST and GOAT algorithms and observe the resulting optimized
structures. The starting geometry and the resulting global minimum structures are shown
in Figure 4.

Figure 4. (a) starting deformed structure of ibuprofen, and lowest-energy conformation of ibuprofen
obtained by (b) CREST and (c) GOAT workflows, using the GFN2-xTB level of theory.

In this case, we intentionally distorted the starting geometry of ibuprofen by setting
its isobutyl side chain into an unrealistic, nearly linear configuration. This provided
a challenging test case for the CREST and GOAT workflows to determine whether they
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could reliably recover the true lowest-energy conformation. Both workflows, applying
the GFN2-xTB method, successfully optimized the molecule to essentially identical final
structures, as confirmed by visual inspection of Figure 3.

To quantitatively verify this, a superposition of the two optimized geometries was
performed. The superposition resulted in an RMSD value of 0.001 A, demonstrating ex-
cellent agreement. This result illustrates the consistency of both CREST and GOAT in
exploring the conformational space and locating the global minimum, even from signifi-
cantly perturbed starting geometries. Of course, the best practice is to first pre-optimize
the structure, for example, by using GFN2-xTB, before applying workflows to identify the
global minimum conformation.

4.4. Simulation of MS Spectra Using QCxMS Codes

As already adopted, mass spectrometry plays a central role in the identification and
quantification of environmental pollutants, particularly in the context of GC-MS workflows.
However, interpreting complex fragmentation patterns, especially for novel or unknown
compounds, can be challenging. This is where quantum chemical simulations of MS
spectra offer substantial added value. The Quantum Chemical Mass Spectrometry (QCxMS)
approach, developed by the Grimme’s group [237-248], provides a powerful and fully
automated framework for simulating EI and CID spectra using atomistic methods.

Accurate interpretation of mass spectra, particularly for environmental pollutants,
their degradation products, and structurally complex molecules, often demands more
than database matching or heuristic rules. The QCxMS and its successor, QCxMS2, are
open-source, quantum chemistry-based programs that simulate mass spectra by modeling
molecular fragmentation processes from first principles. They enable researchers to predict
fragmentation patterns, explore reaction mechanisms, and generate theoretical MS spectra
to aid in compound identification and structural elucidation.

QCxMS and QCxMS2. The original QCxMS program is built on Born-Oppenheimer
MD (BOMD), where fragmentation is simulated by running high-energy MD trajectories
of a charged molecule. Fragment ions are identified from these trajectories and used to
construct the simulated spectrum. While this method is powerful and physically grounded,
it can be computationally intensive, particularly for large molecules or when extensive
statistical sampling is required.

The recently developed QCxMS2 represents a conceptual evolution of the method.
Instead of using MD, QCxMS2 uses automated reaction network discovery to map out
possible fragmentation pathways more efficiently [249]. This enables faster and more
chemically intuitive identification of plausible fragments, thereby improving accessibility
and scalability.

Both tools are freely available and form part of the xtb software ecosystem, which
is built around the semi-empirical GFN-xTB family of methods for efficient and accurate
quantum chemical calculations.

Both QCxMS and QCxMS2 aim to simulate three major MS fragmentation modes:

e  EI: This mode is fully supported in both versions. It simulates ionization via an en-
ergetic (typically 70 eV) electron beam that produces an open-shell radical cation.
The excess internal energy from ionization induces fragmentation and rearrangement
events. QCxMS handles this through MD, while QCxMS2 employs a network-based
approach to simulate possible reaction pathways following ionization.

e Dissociative Electron Attachment (DEA): In the DEA approach, a radical anion is
generated. While this mode is technically supported in both QCxMS and QCxMS2, it
requires DFT calculations and diffuse basis sets, significantly increasing computational
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resources necessary for calculations. Furthermore, the DEA in QCxMS2 remains
experimental, and users are advised to proceed cautiously when applying it.

e CID: CID is widely used to fragment (de)protonated ions produced by electrospray
ionization (ESI), offering a softer alternative to EI or DEA. Although QCxMS2 does
not yet provide a dedicated CID mode, its EI mode can be tuned to approximate
CID spectra by lowering internal energy distributions. However, these adjustments
should be benchmarked against experiments, and for more robust CID predictions,
the original QCxMS is currently recommended.

One of the key strengths of both QCxMS and QCxMS2 is their seamless integration
with major quantum chemistry engines, most notably xtb and ORCA. This allows users
to perform fragmentation and spectrum simulations using either efficient semiempirical
methods or more accurate, higher-order quantum mechanical approaches.

The xtb backend, particularly the GFIN2-xTB method, offers an excellent balance
between computational speed and chemical accuracy. It is particularly well-suited for
medium and large molecules, which enables the simulation of hundreds of fragmentation
trajectories within a feasible time frame. The method collects essential electronic and
structural features of the molecular ion, making it highly effective for generating realistic
mass spectra with reasonable computational demands.

For cases requiring higher accuracy, both QCxMS and QCxMS2 can interface with
ORCA, DFT or composite method calculations for ionization, fragmentation, and deter-
mination of electronic structure. Although DFT provides higher accuracy, it is essen-
tial for species with complex electronic structures or in DEA simulations. However, its
computational cost is significantly higher, limiting its applicability to smaller systems or
benchmarking purposes.

This dual compatibility offers users a flexible platform: for routine environmental
pollutant screening, GFN2-xTB provides reliable and rapid results; for detailed mechanistic
studies or high-accuracy validation, DFT-level simulations can be selectively employed.
In the forthcoming examples, the effectiveness of GFN2-based QCxMS workflows will be
demonstrated in practical environmental contexts, showing how fast, first-principles-based
MS simulations can complement and enhance GC-MS analyses.

Input files for QCxMS workflows can be conveniently prepared using atomistica.online
molecular modeling platform (freely available for academic purposes at https://atomistica.
online, accessed on 1 August 2025), which provides a dedicated web-based tool for generat-
ing the required input parameters.

For demonstration purposes, we applied the EI method of QCxMS2 to simulate the
mass spectrum of 2-hexanone, an industrially relevant pollutant similar to 2-pentanone
and representative of mid-sized ketones. Using the automated workflow of QCxMS2, we
obtained results (Figure 5) that qualitatively agree very well with the experimental results
available at the NIST database (https://webbook.nist.gov/cgi/cbook.cgi?ID=C591786&
Mask=200#Mass-Spec, accessed on 1 August 2025).

While differences in relative intensities are present, the simulated mass spectrum
of 2-hexanone obtained with QCxMS2 shows excellent qualitative agreement with the
reference NIST spectrum. Both spectra feature a dominant peak at m/z 43, characteristic
of ketone fragmentation, as well as a prominent peak at m/z 58, which is similarly well
reproduced. The overall fragmentation pattern in the lower m/z region (20-60), including
peaks around 29 and 41, is also consistent between simulation and experiment. Together,
the ability of QCxMS2 to accurately reproduce key fragment ions and their relative abun-
dances highlights its value in complementing GC-MS analyses and supports its use in
environmental pollutant identification.
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Figure 5. Simulated MS spectrum of 2-hexanone using the QCxMS2 code at GFN2-xTB level of theory
(inset: molecular geometry of 2-hexanone).

To provide a concise overview of the principal atomistic approaches discussed in this
section, we have summarized the key features, outputs, and relevance in Table 3. This table
highlights how atomistic calculations can be applied to complement GC-MS workflows.

Table 3. Summary of principal atomistic approaches that complement GC-MS workflows in environ-

mental analysis.

Category Principle and Typical Use How Ité? g:nl\géements Key Output Ref.
QM:
DFT for accuracy-cost balance; .
LSS semiempirical (PM7, GEN2-xTB, GFN-FF) Mechanisti(gl;f{sights into QM:

QM calculations:
ab initio, DFT, semiempirical,
hybrid

MD simulations:
Force field or ab initio

for speed; hybrid QM/MM for local
accuracy in large systems, post-HF
for benchmarks
MD:

Classical: (AMBER/CHARMM/OPLS),
Semiempirical:
(GFN-XTB/FF),

Ab initio (density functional)

fragmentation, stability, and
transformation pathways
MD:
Model solvation, diffusion,
aggregation, and stability
relevant to aqueous analysis

BDEs, activation barriers,
reaction thermodynamics
MD:

RDFs, solvation shells,
diffusion coefficients,
conformational dynamics

[134,136,138,167]

Descriptors
(local/global reactivity)

Local (MEP, ALIE, HOMO/LUMO
topology) and global (I, EA,
hardness/softness, electrophilicity)
indices from electronic structure

Pinpoint reactive sites,
degradation hotspots, and
fragmentation-prone bonds;
prioritize pollutants

Mapped surfaces and scalar
indices linked to
fragmentation/persistence

[198,202]

Conformational search space
(CREST, GOAT)

Systematic exploration of low-energy
conformers /rotamers using
GFN-xTB/GEN-FF;
ensemble-aware modeling

Ensures reliable
reactivity /BDE predictions;
explains variability in
retention and fragmentation

Conformer ensembles; global
minima; ensemble-averaged
properties

[229,232,234]

Engines/Modeling codes

ORCA (DFT/post-HF), xTB (GFN family),
MOPAC (PM methods), PSI4, Multiwfn;
MD engines (GROMACS, LAMMPS);
QCxMS/QCxMS2 for MS simulation

Backends for structure,
reactivity, dynamics, and
spectrum simulation

Optimized structures,
reactivity maps, simulated
spectra, MD trajectories

[134,136,138,167]

Simulation of MS spectra
(QCxMS/QCxMS2)

Automated EI/CID/DEA fragmentation
modeling (xtb/ORCA backends); MD- or
network-based

Predicts fragmentation routes
and theoretical spectra;
valdates/augments
experimental assignments

Simulated spectra;
mechanistic pathways and
fragment identities

[240,245,248,249]

Online tools

atomistica.online integrating xTB,
MOPAC, SHERMO, Multiwfn,
browser-based workflows

Low-barrier access to
semiempirical calculations,
conformer search, RDG plots,
and QCxMS input prep

Web workflows;
inputs/outputs ready for
GC-MS support

[170-179]
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5. Conclusions

GC-MS continues to serve as the gold standard for analyzing complex water matrices,
delivering exceptional sensitivity, selectivity, and robustness. This review has demonstrated
how recent innovations, including high-resolution instruments, multidimensional separa-
tions, and portable systems, have extended GC-MS from conventional targeted detection
toward a more comprehensive chemosensing platform capable of providing molecular
fingerprints of environmental water samples. The combination of GC-MS with advanced
data processing techniques, such as ML and chemometrics, further enables intelligent
diagnostics and predictive monitoring of emerging contaminants.

A key novel perspective presented in this review is the integration of atomistic mod-
eling alongside GC-MS workflows, including quantum mechanical and semiempirical
calculations, and molecular dynamics simulations.

Nevertheless, several challenges remain to be solved. These include the need for
standardized workflows and reference databases to ensure reproducibility, the complexity
of handling increasingly large GC-MS datasets, the computational cost of accurate atomistic
simulations, and the limited integration of experimental GC-MS data with theoretical mod-
eling in routine practice. A solution to these challenges will be essential for transforming
current innovations into widely applicable tools for environmental monitoring.

Looking ahead, future progress will depend on advances in automation, Al-driven
data interpretation, and the expansion of open-access spectral databases. Furthermore,
the integration of GC-MS chemosensing with complementary omics approaches offers the
potential for more holistic assessments of environmental exposures. These perspectives
highlight the capacity of GC-MS to evolve into a more standardized and comprehensive
platform for environmental monitoring and protection.
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Abbreviation Meaning

ECs Emerging contaminants

MS Mass Spectrometry

GC-MS Gas Chromatography—-Mass Spectrometry

VOCs Volatile Organic Compounds
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Al

POPs
CECs

TIC

TIMS

ML
HR-ToFMS
GCxGC
ElI

CI

NTS

PCA
PLS-DA
HCA

SVM

RF

LLE

SPE

SPME
SBSE
DLLME
MIPs
SPME-GC
PFAS
AISTI

HF

CCSD
DFT

PBE
MNDO
AM1

PM3 and PM6
DFTB
GFN
GFN2-xTB
GFEN-FF
SQM

MM

oM
ONIOM
CAM
B3LYP/6-31+G(d,p)
LANL2DZ
BDEs
H-BDE
MEP

ALIE
HOMO-LUMO
1P

EA

MD
HDX-MS
QCG
MSREACT

Artificial Intelligence

Persistent Organic Pollutants

Contaminants of Emerging Concern

Total Ion Chromatogram

Trapped Ion Mobility Spectrometry

Machine Learning

High-Resolution Time-of-Flight Mass Spectrometry
Two-Dimensional Gas Chromatography

Electron Ionization

Chemical Ionization

Non-Target Screening

Principal Component Analysis

Partial Least Squares—Discriminant Analysis
Hierarchical Cluster Analysis

Support Vector Machine

Random Forest

Liquid-Liquid Extraction

Solid Phase Extraction

Solid Phase Microextraction

Stir Bar Sorptive Extraction

Dispersive Liquid-Liquid Microextraction

Molecularly Imprinted Polymers

Solid Phase Microextraction coupled with Gas Chromatography
Per- and Polyfluoroalkyl Substances

All Ton Switching Tandem Ionization

Hartree-Fock

Coupled Cluster with Single and Double excitations
Density Functional Theory

Perdew-Burke-Ernzerhof (functional)

Modified Neglect of Diatomic Overlap

Austin Model 1 (semiempirical method)

Parametric Method 3 and 6 (semiempirical methods)
Density Functional Tight Binding

Geometry, Frequency, Noncovalent

Geometry, Frequency, Noncovalent extended Tight Binding
Geometry, Frequency, Noncovalent-Force Field
Semiempirical Quantum Mechanics

Molecular Mechanics

Quantum Mechanics

Our Own N-layered Integrated molecular Orbital and molecular Mechanics
Coulomb-Attenuating Method

Becke, 3-parameter, Lee-Yang-Parr functional with 6-31+G(d,p) basis set
Los Alamos National Laboratory 2 Double-Zeta basis set
Bond Dissociation Energies

Hydrogen Bond Dissociation Energies

Molecular Electrostatic Potential

Average Local Ionization Energy

Highest Occupied Molecular Orbital-Lowest Unoccupied Molecular Orbital
Ionization Potential

Electron Affinity

Molecular Dynamics

Hydrogen-Deuterium Exchange Mass Spectrometry
Quantum Cluster Growth

Mass Spectrometry Reaction (simulation tool)
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QCxMS Quantum Chemical Mass Spectrometry
BOMD Born-Oppenheimer MD
DEA Dissociative Electron Attachment
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