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Antibiotic contamination in aquatic environments poses a serious threat to ecological safety and pub-
lic health. However, traditional advanced oxidation processes (AOPs) face critical bottlenecks due to un-
clear microscopic reaction mechanisms, including ambiguous reactive species generation pathways and a
lack of theoretical guidance for catalyst design. This review systematically elucidates the pivotal role of
density functional theory (DFT) in antibiotic degradation via AOPs: (1) By accurately simulating catalyst
electronic structures, adsorption energies, and reaction energy barriers, DFT reveals the evolution rules of
active sites (e.g., multi-element doping reduces the O-O bond cleavage energy barrier by 36%), thereby
optimizing reaction pathways across photocatalysis , electrochemical oxidation , and persulfate activation
systems; (2) Combined with Fukui index and molecular orbital analyses, DFT enables precise identifica-
tion of vulnerable sites in antibiotic molecules (e.g., C8/C13 of ofloxacin and 023/N15 of ciprofloxacin),
and predicts the thermodynamics and kinetics of reactive species (e.g., 10,, SO4°~) formation; (3) Under a
closed-loop "computational guidance — experimental validation" framework, DFT drives catalyst structure
optimization and reaction pathway regulation, significantly enhancing AOP mineralization efficiency (e.g.,
2.5-fold increase in tetracycline removal rate). Future directions should focus on integrating non-adiabatic
molecular dynamics, machine learning-assisted screening, and toxicity prediction of degradation products
to promote the intelligent design and green engineering of AOPs, thereby building an efficient and precise

antibiotic pollution control system.
© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia
Medica, Chinese Academy of Medical Sciences.

1. Introduction

ies have revealed alarming concentrations of antibiotics in both
engineered wastewater treatment systems and natural water bod-

Emerging antibiotic-related pollutants, characterized by high bi-
ological toxicity and their potential to facilitate the dissemination
of antibiotic resistance genes (ARGs), have intensified concerns re-
garding water pollution and ecological safety. These contaminants
pose a substantial threat to the already vulnerable "water-energy-
health" nexus [1-4]. The World Health Organization (WHO) has re-
cently assessed that infections caused by antimicrobial resistance
(AMR) result in over 1.27 million deaths annually. Given the role
of aquatic environments as critical reservoirs for ARG propaga-
tion, their associated risks must not be overlooked. Recent stud-
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ies [5]. For example, average concentrations of quinolones, sul-
fonamides, and tetracyclines in influents of wastewater treatment
plants have been reported at 2004.76, 3863.63, and 476.29 ng/L, re-
spectively [6]. In natural environments, the average total antibi-
otic concentration in the upper reaches of the Yangtze River in
China reaches 525.40ng/L [7], while nearshore waters in China
exhibit average concentrations of approximately 185.00 ng/L [8,9].
Furthermore, the peak concentration of sulfamethoxazole in the
Ganges River in India exceeds 390ng/L, and the average concen-
tration of fluoroquinolone antibiotics in the Mississippi River in
the United States is approximately 220 ng/L [10]. Currently, conven-
tional methods for antibiotic removal from water bodies include
the activated sludge process, phytoremediation, and advanced ox-
idation processes. However, both activated sludge and phytoreme-
diation techniques exhibit limited removal efficiency for persistent
antibiotics [11], especially when antibiotic concentrations in water

1001-8417/© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia Medica, Chinese Academy of Medical Sciences.



Z. Li, Z. Zhou, Y. Qin et al.

(@)

2500

71 2552

4 2253 2278

2047
2000 -

1802

1594

1500 ~
1391 1388

Numbers of publications

1347
» H H H
1000 T T T T

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year

Chinese Chemical Letters 37 (2026) 112318

(b) -
L

P e &
Nanodiamond Nanohybrids  OLC

Structure-Performance relationship

Fig. 1. (a) Number of publications on DFT mediation in AOPs (Web of Science, accessed March 6, 2025). (b) Applications of DFT. Reproduced with permission [46]. Copyright
2019, American Chemical Society. Reproduced with permission [48]. Copyright 2024, Elsevier.

are in the pg/L range, and face challenges related to degradation
or metabolic kinetics [12]. In contrast, Advanced Oxidation Pro-
cess (AOPs) can overcome kinetic limitations by generating reactive
species to achieve efficient pollutant mineralization, emerging as a
core research direction in environmental remediation [13-17].

In recent years, AOPs systems based on photocatalysis (PC),
electrochemical (EC) oxidation, and persulfate (PS) activation have
demonstrated significant advantages in antibiotic removal [18-22],
for example, Jiang et al. achieved 99% degradation of 25mg/L
tetracycline (TC) within 30 min using photocatalytic activation of
xylitol-modified bismuth nitrate [23]; while Liu et al. developed
CoFe,04 magnetic nanoparticles to activate peroxymonosulfate
(PMS), efficiently removing 99.8% of 5mg/L moxifloxacin in the
same timeframe [24]. However, the core mechanism of antibiotic
degradation by such AOPs remains unclear: existing experimen-
tal methods face dual challenges in analyzing dynamic processes
and capturing microscopic mechanisms. Although traditional char-
acterization tools such as liquid chromatography-mass spectrome-
try (LC-MS) and vibrational spectroscopy provide certain analytical
capabilities [25], they are limited by their inability to capture tran-
sient intermediates and rapid reaction steps [26], hindering com-
prehensive mechanistic analysis. Taking the TC degradation process
by Fe-g-C3N4 as an example [27], conventional X-ray absorption
spectroscopy (XAS) can reveal the ligand environment and oxida-
tion state of Fe [28], but its averaged signals fail to distinguish
the specific contributions of different Fe sites in TC degradation
[29], thereby limiting the understanding of active site structure-
activity relationships. Furthermore, in studying key reaction steps,
traditional static characterization methods can detect active species
generation in Co304/PMS systems [30-32], but struggle to identify
intermediates, potentially leading to misinterpretation of reaction
pathways [33,34]. These limitations not only fragment the mecha-
nistic understanding of AOPs but also hinder the rational design of
high-performance catalysts, trapping research in a trial-and-error
cycle [35]. The gap between mechanism and technology impedes
the development of AOPs systems that are both efficient and prac-
tical for antibiotic degradation.

Density functional theory (DFT) calculations can predict mi-
croscopic mechanisms (e.g., electronic state distributions, reaction
transition states) by simulating material properties such as elec-
tronic structure [36-38], bridging the disconnect between mecha-
nistic insights and technological applications. Over the past decade,
publications on DFT-mediated AOPs reactions have surged from

1267 in 2014 to 2552 in 2024 (Fig. 1a). As a cornerstone of theoret-
ical simulations, DFT enables deep analysis of AOPs reaction pro-
cesses, including mechanistic pathways [39,40], kinetics [41] and
product formation [42,43] through molecular simulation and com-
putational chemistry, and has played a pivotal role in: (1) Identify-
ing catalyst active sites [44], (2) elucidating reaction mechanisms
at catalyst-pollutant interfaces [45], (3) optimizing catalyst perfor-
mance [46,47], and (4) designing novel catalysts (Fig. 1b) [48-50].
This computational approach establishes a revolutionary paradigm
for uncovering AOPs’ microscopic mechanisms and advancing their
performance [51-53].

However, the current application of DFT in AOPs research still
faces methodological gaps. Most studies focus on validating iso-
lated mechanisms and lack a closed-loop "computational guidance
— experimental validation" framework, resulting in mismatches
between theoretical predictions and real-world performance. In
this review, we propose a novel perspective to explore how DFT
computations can transform the understanding of advanced oxida-
tion mechanisms. We establish a multi-scale synergistic research
paradigm centered on two core objectives: (1) Elucidating pollu-
tant degradation mechanisms and (2) rational catalyst design. This
approach aims to provide theoretical foundations for developing
precise and intelligent AOPs technologies, while maximizing the
practical value of DFT in this field.

2. Urgent technical bottlenecks in advanced oxidative
degradation of antibiotics

AOPs achieve oxidative degradation of antibiotics by generating
reactive species (e.g., S04°, "OH, 0,"~, and '0,), resulting in pollu-
tant mineralization (conversion to CO,, H,0, and inorganic ions)
[54]. The core mechanisms involve: (1) Reactive species genera-
tion, (2) critical reaction pathways targeting antibiotic structures,
and (3) regulation of environmental factors’ impact on reaction
efficiency [55]. Currently, AOPs subfields such as photocatalytic
AOPs (PC-AOPs) [56], electrochemical oxidation AOPs (EO-AOPs)
[57], and persulfate-activated AOPs (PS-AOPs) [58] are widely rec-
ognized for their high efficiency, environmental compatibility, and
broad applicability (Fig. 2). Table S1 (Supporting information) fur-
ther compares the characteristics of these three types of AOPs in
practical applications, demonstrating their respective advantages
and applicable scenarios.
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Fig. 2. Application diagram of PC-AOPs, EO-AOPs, PS-AOPs. Reproduced with permission [56]. Copyright 2014, Elsevier. Reproduced with permission [57]. Copyright 2021,

Elsevier. Reproduced with permission [58]. Copyright 2024, Elsevier.

To systematically examine the advancements and challenges,
this section analyzes the key bottlenecks of these three represen-
tative AOP pathways, and highlights the pivotal role of DFT in elu-
cidating microscopic mechanisms and guiding catalyst design.

2.1. Technical bottlenecks in photocatalytic degradation of pollutants

With the in-depth development and application of catalysts in
PC-AOPs, despite significant advancements in extending the pho-
toresponse range and enhancing activity of photocatalytic mate-
rials, their large-scale application in PC-AOPs remains constrained
by high energy consumption and costs. The fundamental challenge
lies in the rapid recombination of photogenerated electron-hole
(e"-h™) pairs, resulting in low energy conversion efficiency. Al-
though strategies such as morphology control and crystal facet en-
gineering have been widely adopted to improve charge separation
[59]. the underlying mechanisms remain poorly understood. For
instance, the photocatalytic activity disparity in BiOBr nanosheets
is not primarily governed by highly exposed crystal facets but
by band bending-induced spatial charge separation between coex-
isting facets [60]. However, conventional experimental techniques
cannot quantitatively resolve surface-specific band structures or
oxygen vacancy formation energies, leaving catalyst design with-
out robust theoretical guidance. In contrast, DFT simulations en-
able precise determination of facet-dependent properties such as
band structures, oxygen vacancy energetics, and charge migration
pathways. For example, the (100) facet of CeO, exhibits an excep-
tionally low energy barrier (—0.59 eV) for PMS adsorption and sub-
sequent SO4"~ generation [61], providing atomic-level insights for
structure optimization and targeted synthesis.

Furthermore, the uncontrolled formation of toxic byproducts in
PC-AOPs poses major practical limitations [62]. While studies like
Ling et al. [63] demonstrated that carbon-nitrogen materials can
achieve 97.6% selectivity in active species generation via cyanide-
sodium synergy, experimental methods struggle to correlate e -
h* separation pathways with intermediate evolution, leading to

unpredictable accumulation of hazardous byproducts. DFT-based
modeling addresses this gap by simulating pollutant-catalyst ad-
sorption configurations, radical attack sites, and reaction energy
barriers. This approach successfully predicts degradation pathways
for antibiotics like norfloxacin [64], enabling strategic suppres-
sion of toxic intermediates. Such advancements are critical for ad-
vancing PC-AOPs toward real-world wastewater treatment contain-
ing complex refractory organics (e.g., antibiotics, dyes and perfluo-
roalkyl and polyfluoroalkyl substances) [65].

2.2. Technical bottlenecks in electrochemical degradation of pollutants

EO-AOPs demonstrate remarkable potential in antibiotic
wastewater treatment due to their high efficiency and operational
simplicity; however, their scalability remains hindered by critical
bottlenecks. First, the selectivity and stability of electrode materi-
als require substantial improvement. For instance, low active site
density on electrode surfaces and suboptimal interfacial reaction
pathways lead to competition between antibiotic degradation
and the oxygen evolution reaction (OER) under high overpoten-
tials, severely compromising energy efficiency [66]. To address
this, researchers often employ multi-element doping strategies
to enhance bifunctional ORR/OER performance [67]. Yet, such
approaches obscure the identification of dominant active sites and
reaction pathways. Breaking this impasse, Ma et al. [68] leveraged
DFT simulations to analyze binary NiFe-CN materials, revealing
that Fe sites dominate both ORR and OER, while adjacent Ni
sites reduce overpotentials to 0.436V (ORR) and 0.420V (OER) by
modulating Fe’s electronic structure, which significantly promoted
the generation, binding and dissociation of OOH* intermediates.

Atomic-scale mechanisms, such as antibiotic molecule
adsorption-dissociation dynamics and intermediate evolution
pathways, remain elusive to experimental observation. DFT bridges
this gap by precisely calculating molecular adsorption energies to
determine the most stable antibiotic-catalyst configurations [69],
and identifying high-reactivity sites via Fukui index analysis [70],
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enabling prediction of degradation pathways and intermediate
trajectories [71]. These insights not only establish a theoretical
foundation for catalyst design and reaction optimization but also
propel EO-AOPs toward scalable applications, achieving near-
complete pollutant mineralization while minimizing secondary
pollution risks.

2.3. Technical bottlenecks in persulfates degradation of pollutants

To address the limitations of single-mode PS activation in
AOPs, including low energy efficiency, catalyst deactivation, and
environmental risks, strategies such as physicochemical coupling
[72], multi-component composites [73], and energy-field synergy
[74] have emerged to synergistically enhance performance through
multi-mechanistic pathways. However, two major challenges per-
sist in elucidating reaction pathways and electron-transfer mech-
anisms: First, experimental limitations in dynamically tracking
short-lived reactive species (e.g., SO4"~, ‘OH) and intermediates. For
instance, the 10, in non-radical pathways remains contentious, as
traditional characterization methods (e.g., EPR, quenching assays)
only permit indirect speculation, leading to divergent mechanistic
interpretations; second, Unresolved regulatory mechanisms of re-
action pathways by reactive center size in composite systems. For
example, the charge polarization effect induced by multi-element
doping in straw biochar-supported Co304 systems [52] cannot be
experimentally quantified.

In this context, DFT emerges as a pivotal tool for mechanistic
elucidation, with its advantages manifested in three key aspects:
(1) Dynamic pathway resolution: Huang et al. [75] combined
DFT with in situ spectroscopy to confirm that surface-generated
phenoxyl radicals on CuO are critical for peroxydisulfate (PDS)
activation; (2) Electronic structure quantification: B-doping in
Fe-N,B4 six-coordinated catalysts induces selective adsorption
of terminal O atoms in PMS, lowering the '0, generation en-
ergy barrier and achieving 98.7% selectivity [76]. (3) Synergistic
mechanism decoding: Li et al. [77] demonstrated that Fe-based
N-doped carbon catalysts enhance PMS activation for tetracycline
(TC) removal via DFT-guided analysis, revealing that interfacial
built-in electric fields between Fe single atoms and N-doped car-
bon shift TC degradation from radical- to non-radical-dominated
pathways, boosting removal efficiency from 48% to 100%. These
breakthroughs underscore DFT’s irreplaceable role in unraveling
microscopic and synergistic mechanisms, providing a theoretical
blueprint for precision-engineered PS-AOPs systems.

In summary, although the three mainstream AOP systems differ
in terms of reaction pathways, energy input forms, and interface
structures, they all face the common bottleneck of uncertainty in
the microscopic mechanisms involved in antibiotic degradation.
DFT serves not only as a "microscope” for revealing the essence
of reactions but also as a ‘connector’ bridging the common issues
and technical heterogeneity across the three categories of AOPs.
By establishing a closed-loop research framework integrating
"theoretical calculations and experimental validation”, DFT holds
the potential to overcome the current developmental bottlenecks
in AOPs, driving a shift from experience-driven technology to
precision-designed solutions. This approach provides a unified
and robust theoretical foundation for achieving efficient and safe
antibiotic removal in complex aquatic environments (as illustrated
in Fig. S1 in Supporting information).

3. Theoretical framework and methodological choices for DFT

The foundation of DFT stems from the evolution of the Thomas-
Fermi model [78]. Its uniqueness lies in mapping all physical
properties of a system to electron density distributions via the
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Fig. 3. Development and role of DFT’s in AOPs.

Hohenberg-Kohn theorem [79], while simplifying many-body prob-
lems into single-particle approximations through the Kohn-Sham
theorem by introducing a hypothetical non-interacting particle sys-
tem [80]. This framework not only extends quantum mechanical
principles to multiparticle systems (e.g., molecules, clusters, and
periodic crystals), but also accurately computes system potentials
and total energies through electron density functions. Here, the
Kohn-Sham equations directly yield charge density distributions
and kinetic energy profiles [81]. To overcome the accuracy limita-
tions of traditional exchange-correlation functionals, the scientific
community developed hybrid functionals that linearly combine
Hartree-Fock exact exchange energy with DFT exchange-correlation
terms. This advancement significantly improves descriptions of
strongly correlated electron systems, establishing a robust theoret-
ical foundation for atomic-level design in AOPs (Fig. 3).

3.1. Selection of generalized functions and basis groups

In practical applications, the selection of exchange-correlation
functionals and basis sets must align with the physicochemi-
cal properties of the target system. For molecular-scale reactive
species (e.g., ‘OH, O,°7), the hybrid functional B3LYP, which com-
bines Hartree-Fock exact exchange energy with DFT correlation en-
ergy [82,83], can accurately captures energy changes in strongly
correlated electron systems. The inclusion of dispersion correction
(B3LYP-D3) further improves the accuracy of interfacial adsorption
energies and solvation effect calculations [84,85]. In recent years,
machine learning functionals based on neural networks (such as
DM21 proposed by DeepMind) have demonstrated excellent per-
formance in describing the potential energy surface, reaction bar-
riers, and electron density distribution of open-shell free radicals,
especially showing stronger generalization capabilities when deal-
ing with multi-reference electronic states [86]. Additionally, mod-
els like NeuralXC can be used as correctors for traditional func-
tionals like B3LYP to improve the energy prediction accuracy of
functionals in specific reaction pathways or small molecule dynam-
ics simulations [87]. For periodic systems (e.g., WO3 photocatalyst
surfaces), the generalized gradient approximation (GGA) functional
PBE is widely adopted for band structure calculations due to its
computational efficiency and stability [88]. However, strong elec-
tron correlation effects in transition metal oxides necessitate the
Hubbard U correction (PBE+U) to address electronic localization
errors [89]. Building on this foundation, some studies have further
attempted to extend machine learning functionals to periodic ma-
terial systems by training high-precision benchmark datasets (such
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Table 1
Comparison of the application of different base groups.
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Basis set Accuracy level Core advantages Application scenarios in AOPs
6-31G* Moderate Fast and broadly applicable Rapid screening of active species generation pathways; overcoming the
experimental bottleneck in capturing transient reactive species; optimizing
radical yield on catalyst surfaces.
6-31+G* Moderate Improved description of Accurately simulation of solvation shell structures of antibiotic anions;
(+ long range) anions/adsorption correction of adsorption energy deviations; guidance for the design of acidic
sites on catalysts to enhance adsorption.
6-311G* Medium-High More precise valence electron Precise calculation of transition state energy barriers for antibiotic molecule
distribution cleavage; overcoming predictive bias for C-N/C-S bond dissociation energies
in conventional basis sets; enabling targeted design of low-activation-energy
active sites.
cc-pvDZ Medium-High Optimized electron correlation Accurate description of multi-electron cooperative transfer in
energy metal-antibiotic complexes; resolution of prediction inaccuracies of redox
potentials in Fe/Cu based catalysts; enhancement of electron transfer
efficiency.
LANL2DZ Moderate Efficient handling of metal centers  Balancing efficiency and accuracy in computing d-orbital electron structures

(for heavy elements)

of transition metals (e.g., Co, Fe); overcoming bottlenecks in elucidating
metal-support synergistic mechanisms in supported catalysts.

as QMC or CCSD(T)) to fit energy functionals or Kohn-Sham poten-
tial energy functions, thereby improving the accuracy of describ-
ing the band structure and defect state energy levels of transition
metal oxides [90]. It is worth noting that, with the growing de-
mand for large-scale reaction process modeling, some studies have
explored the construction of orbital-free machine learning func-
tionals to efficiently simulate the evolution of electron density and
energy changes in complex AOP systems, thereby further reducing
computational costs while maintaining high accuracy [91].

Regarding the choice of basis sets, the moderately accurate 6-
31G* basis set enhances the description of molecular orbital hy-
bridization through polarization functions and is commonly used
for the initial exploration of radical reaction pathways. When
higher accuracy is required and computational resources permit,
cc-pVDZ or 6-311G* may be used, while considering whether
dispersion functions are needed to deal with a specific chemi-
cal environment. The advantages and disadvantages of some com-
monly used basis sets are summarized in this section, as shown in
Table 1.

3.2. Software tools comparison

In the application of DFT software tools, different platforms
are suited to specific scenarios in the study of AOPs due to their
functional characteristics. Gaussian, which supports a wide range
of exchange-correlation functionals (e.g., B3LYP, M06-2X) and basis
sets (e.g., 6-311++G**), excels at molecular-scale reaction mecha-
nism analysis, such as Fenton-like reactions involving SO4"~ attack
on organic pollutants and bond dissociation energy calculations
[92,93]. VASP, based on a plane-wave pseudopotential approach,
efficiently handles the analysis of optoelectronic properties in
periodic systems. Its advanced features, such as hybrid functionals
(e.g., HSE06) and van der Waals corrections (e.g., DFT-D3) — make
it particularly effective in studying the effects of oxygen doping in
TiO, on conduction band potentials [94], or adsorption activation
mechanisms on g-C3N,4 surfaces [95]. Materials Studio, a commer-
cial software with an integrated graphical interface, supports both
molecular and periodic calculations. Through the integration of
its DMol® and CASTEP modules, it enables streamlined workflows
from model construction and structural optimization to reaction
pathway visualization. This paper systematically summarizes
the core features of these three mainstream DFT platforms in
terms of functionality, accuracy, and application domains (Table
S2 in Supporting information), providing a useful reference for
researchers selecting appropriate computational tools in the AOPs
field.

4. Application of DFT in advanced oxidation

The application of DFT in AOPs primarily focuses on three in-
terrelated dimensions: (1) Revealing the principles of catalysts, (2)
elucidating pollutant degradation, and (3) combining theoretical
simulation with experimental verification to enhance prediction
reliability. The following sections will systematically elaborate on
these three aspects, outlining the multidimensional role of DFT in
promoting advanced oxidation processes.

4.1. Applications in catalyst design

4.1.1. Catalyst active site identification

In catalyst active site identification studies, the integration of
DFT with multiscale modeling enables atomic-scale resolution
of active site evolution dynamics, elucidating interfacial interac-
tion mechanisms governed by chemical bonding and revealing
structure-activity relationships and catalytic behaviors of active
centers. This synergy establishes a theoretical foundation for
designing high-performance catalysts with tailored efficiency and
stability. For instance, Mao et al. [96] systematically decoupled
the active sites and mechanisms of hydroxylated g-C3N4@Co(OH),
catalysts using DFT. Their calculations revealed that hydroxyla-
tion shifts the hybridization state of C atoms in g-C3N, from
sp? to sp3, significantly reducing electron binding energy and
enhancing charge transfer from the catalyst to PMS (Fig. 4a). This
electronic modulation promotes O-O bond cleavage, evidenced
by bond elongation from 1.4494A to 1.6007 A. Furthermore, the
novel =CoOH™" active center, formed via coordination between
surface -OH groups and Co?* ions, exhibits strong PMS adsorption
(—4.18eV adsorption energy) and achieves 50% higher charge
transfer efficiency. Consequently, the PMS activation rate reaches
64.7 % within 30 min — 3.1-fold higher than the CNH system alone
(20.8%) — driving pollutant removal efficiency from 43% to 96%.

While Duan et al. similarly [97] systematically revealed the in-
terfacial interaction mechanism of Mn-N,4 single-atom catalysts for
the activation of PMS in Fenton-like catalysis by DFT and combined
with multiscale modeling. It was found that the atomically dis-
persed Mn-Ny4 sites form chemical bonds with PMS through inner-
sphere interactions (Mn-O bond length of about 2.08A), while
the nitrogen-doped carbon substrate (NCNT) adsorbs PMS through
van der Waals force outer-sphere interactions. Further DFT calcula-
tions revealed that the electronic structural properties of the Mn-
N4 sites were revealed to enable the adsorption energy of Mn-
N4 sites to PMS up to about —2.9eV. This strong inner-sphere
interaction significantly reduces the O-O bond breaking energy
(0.291eV vs. 1.393eV for NCNT), which leads to an increase in
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Fig. 4. (a) Mechanism of interaction of different modified g-C3N,@Co(OH), with PMS molecules. Reproduced with permission [96]. Copyright 2023, Elsevier. (b) Adsorption
differences between Mn-N, monatomic catalysts and PMS molecules. Reproduced with permission [97]. Copyright 2024, Elsevier.

the slope of the linear relationship of the activation rate of PMS
from 0.0541 to 0.1129 (109% increase) for the NCNT/PMS system
(Fig. 4b). This optimization of the interfacial interaction mecha-
nism led to a significant increase in PMS utilization, with the Mn-
NCNT catalyst achieving 3.57 mmol/g of 2.0 mmol/L PMS digestion,
which was 58% higher than that of the NCNT reference material
(2.26 mmol/g). The theoretically constructed interfacial model is in
high agreement with the experimental results, confirming the key
role of the inner-sphere-dominated activation mechanism in en-
hancing the oxidation performance.

4.1.2. Catalyst surface reaction mechanisms

Oxidant adsorption on catalysts serves as the critical initiation
step for both radical and non-radical pathways, where rapid
adsorption kinetics dictate subsequent chemical interactions [98].
Quantitative DFT analysis of adsorption energy (E,4s) between
oxidants and catalyst surfaces provides atomic-level insights into
surface reaction mechanisms [53,99,100]. The adsorption energy is
defined as:

Eads = Eox+c — Ec — Eox (1)

where Ec, Egx, and Epx,c represent the total energies of the
catalyst, free oxidizer molecules, and catalyst oxidizer energy,
respectively. Negative E,qs values indicate thermodynamically
spontaneous processes. A representative case by Song et al. [101]
demonstrated a dual-path electron transfer strategy to overcome
mass transfer and activity limitations in PMS-based Fenton-like
systems. By confining reactions to catalyst surfaces through
synergistic adsorption-oxidation, they created localized high-
concentration reactive zones, boosting apparent reaction rates by
54-fold. DFT calculations revealed that N/P co-doping optimized
electron density distribution in Mn d orbitals, establishing efficient
electron transport channels that simultaneously enhanced PMS

activation efficiency and accelerated Mn3+/Mn** valence cycling.
This overcame kinetic limitations of traditional Mn-based cata-
lysts while alleviating mass transfer resistance through surface
confinement effects.

DFT further deciphers oxidant activation mechanisms by resolv-
ing catalyst-oxidant interfacial dynamics. For example, Le et al
[22] revealed the activation mechanism of multiphase MoS, (1T/2H
phase)/PMS system by DFT calculations: The elevated 1T phase
ratio (2.0%— 49.3%) increased the PMS adsorption energy from
—0.93eV to —1.40eV, and the O-O bond length was stretched
from 145A to 1.64A, which promoted the generation of SO,
and ‘OH. In addition, the elevated free energy of desorption
(—-0.52eV — —0.65eV) of active species such as SO4°~ and "OH gen-
erated on the MoS, surface made them more easily bound to the
material surface, enhancing the surface-dominated inhomogeneous
oxidation pathway.

4.1.3. Catalyst performance optimization

DFT provides a robust theoretical framework for catalyst per-
formance optimization through systematic analysis of electronic
band structures, density of states (DOS), and optoelectronic proper-
ties. For instance, Halder et al. [102] employed the DFT+U method
to investigate the electronic and optical characteristics of bical-
cite Ln,AIMnOg (Ln=La, Pr, Nd), revealing direct/indirect bandgap
transitions, optical anisotropy, and enhanced visible-light absorp-
tion capabilities. Calculations showed narrow bandgaps (1.28-
1.77eV) ideal for visible-light harvesting, with indirect bandgap
features in NAM effectively suppressing electron-hole (e™-h™) re-
combination and boosting photocatalytic activity. Strong agreement
between theoretical predictions and experimental validation con-
firmed these materials’ exceptional solar energy conversion effi-
ciency, positioning them as promising candidates for photocatalysis
and photovoltaic applications.
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In a complementary study, Xie et al. [103] leveraged DFT to
demonstrate that Eu doping introduces impurity states near the
valence band maximum of BiOCl, reducing bandgap energy and
promoting photogenerated charge separation. This electronic en-
gineering enhanced visible-light absorption by 38% compared to
pristine BiOCl. Guided by these insights, Eu-doped BiOCl cata-
lysts were synthesized and exhibited superior photocatalytic per-
formance under visible light, validating DFT’s predictive power in
designing efficient visible-light-driven catalysts.

Recent studies demonstrate that enhancing H,0, production via
metal single-atom photocatalysts (M-SACs) can be achieved by tai-
loring electronic configurations and excitation dynamics [17,104-
107]. A representative example by Teng et al. [108] integrated DFT
with experimental validation to show that atomically dispersed
indium (In) sites on polymer carbon nitride (PCN) optimize oxy-
gen adsorption geometry and steer the oxygen reduction reac-
tion (ORR) toward a 2-electron pathway. This electronic modula-
tion tripled the H,0, yield from 2.5 mg/L to 7.5 mg/L within 30 min
compared to pristine PCN. The amplified H,0, generation criti-
cally enhances pollutant degradation by serving as both a potent
oxidant and a precursor for secondary reactive species (e.g., “OH).
Such studies emphasize the critical role of DFT in deciphering elec-
tronic structures, optimizing doping strategies, and supporting ra-
tional material design. Moreover, DFT offers multi-scale theoretical
insights that enable precise regulation of key catalytic properties
such as light absorption, charge carrier dynamics, and reaction se-
lectivity.

4.2. Applications in pollutant degradation

4.2.1. Electronic structure analysis

DFT can accurately identify the reactive sites of antibiotic
molecules by analyzing electronic structure information such as
molecular orbitals (HOMO/LUMO) and Fukui indices [109]. The
HOMO (highest occupied molecular orbital) is electron-rich and
thus prone to electrophilic attack by reactive species such as S04,
*OH, and '0,. In contrast, the LUMO (lowest unoccupied molec-
ular orbital) is electron-deficient and more susceptible to nucle-
ophilic attack. Furthermore, quantitative analysis using Fukui func-
tions provides a clearer understanding of the reactivity tendencies
at different molecular sites.

fE=ah+ ks
fa =+ 2)
fa= (qﬁ—l +q£\1+1)/2

where qy? is the number of electrons of atom A in the molecule,
and N is the total number of electrons. Regions with high f* values
tend to react with nucleophilic reagents, while regions with high
f values are more susceptible to attack by electrophilic reagents.
High f0 value regions, on the other hand, are more active against
reactive species. For example, Yang et al. [110] calculated the f°
value of the Fukui index using DFT to characterize the active sites
for radical attack and showed that C27, C26, C30, C22, O5, and
03 are susceptible to ‘OH and SO4*~ attack. They further derived
the m* orbitals by analyzing the energies of the LUMO (0.079eV)
and HOMO (0.209 eV); the anti-bonding orbitals and 7 -bonding or-
bitals are located on the benzene ring D and the -N(CHg); group,
respectively, thereby further verifying the validity of the fO calcu-
lations. Similarly, Su et al. [111] first analyzed the susceptible sites
of ofloxacin (OFL) using its HOMO and LUMO and further verified
them with electrostatic potential (ESP) diagrams, which concluded
that the tetrahydropyridine ring, the benzene ring binding site, and
the carboxylic acid group may be more susceptible to attack by
negatively charged nucleophilic radicals such as O,"~. Based on the
Hirshfeld charge, the f and f* values of OFL were calculated, fur-
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ther supporting the above conclusions. In addition, Qi et al. [112]
similarly utilized the Fukui function to identify the most vulnera-
ble active sites on OFL and CIP molecules. The computational re-
sults showed that C8, 014, C13, N20, C16, and C5 of OFL, and 023,
N15, C12, C4, C22, and C11 of CIP were the most vulnerable active
sites (Fig. S2 in Supporting information).

Altogether, the analysis of Fukui indices and molecular orbital
distributions provides a robust theoretical foundation for qualita-
tively identifying the reactive sites of antibiotic molecules, and of-
fering targeted input for subsequent simulations of reaction energy
barriers and kinetics.

4.2.2. Prediction of adsorption behavior of pollutants

DFT has also been employed to quantify the adsorption energy
and conformational differences of pollutants on catalyst surfaces,
providing a foundation for optimizing material surface design.
For example, Aline et al. [115] used DFT to predict the adsorption
behavior of antibiotic molecules — such as levofloxacin (LV),
tetracycline (TC), and benzylpenicillin (BP) — on the surface of
silver nanoparticles (AgNPs) by constructing theoretical models of
the antibiotic molecules and analyzing their molecular vibrational
properties. The results showed that LV molecules were adsorbed
through interactions between their carboxylic acid groups and the
silver surface; TC interacted with silver atoms via the carbonyl
group on the intermediate ring; and BP was partially adsorbed
through both the carboxylate and carbonyl groups on the acyclic
amide. By analyzing and predicting the adsorption behavior of an-
tibiotics, researchers can tailor catalyst surface designs to improve
antibiotic degradation performance. Notably, the adsorption con-
figurations predicted by DFT were validated by surface-enhanced
Raman spectroscopy (SERS) experiments, and the observed spectral
pattern changes demonstrated a high level of agreement between
the theoretical models and experimental results.

4.2.3. Analysis of the generation mechanism of active species

In AOPs, the efficiency and selectivity of reactive species gener-
ation critically influence pollutant degradation. Due to their short
lifetimes and low concentrations, traditional experiments struggle
to capture their formation mechanisms. DFT, especially when com-
bined with TDDFT, offers powerful atomic-level insights into these
processes. For instance, in PS-based systems, DFT can calculate the
0-0 bond dissociation energy under various adsorption configu-
rations, compare the activation performance of different catalytic
sites (e.g., metals, non-metal dopants, vacancies), and elucidate the
underlying factors governing reactivity and selectivity.

For example, Zhang et al. [113] experimentally found that
double-oxygen-doped g-C3N4 selectively generates O,"~ (Fig. 5a).
To elucidate the theoretical basis of this phenomenon, the re-
searchers performed a systematic analysis using DFT calculations.
First, formation energy calculations confirmed that the most sta-
ble doping mode involves para-substitution of oxygen atoms in the
melam unit, which narrows the band gap to 1.22eV and signifi-
cantly enhances visible light absorption. Charge distribution anal-
ysis further revealed that oxygen doping effectively induces an
out-of-domain conjugated system of e -h* pairs, thereby promot-
ing charge separation. Additionally, the conduction band poten-
tial derived from DFT results confirmed that dioxygen-doped g-
C3N4 can efficiently generate O,"~ from reduced O,, while the
valence band potential is insufficient to produce ‘OH, consistent
with the experimental observations. Furthermore, Luo et al. also
applied DFT to investigate the multipath mechanism of H,0, gen-
eration by photocatalytic g-C3N4 [114]. Through model screening,
the researchers concluded that nitrogen vacancies enhance O, ad-
sorption and serve as oxidation/reduction centers. TDDFT analy-
sis showed that NV sites and their neighboring regions dominate



Z. Li, Z. Zhou, Y. Qin et al.

(@
E (V vs. NHE) "Pf;{;;!fx;
’ CO,+H,0
2,00 0,
or
0.85~-093eV ¢ &
100 1. oS Ay ‘
g
CB 0,
o, %:,’ o
0 4 §As.;‘;.‘;‘f‘ Egs‘faeooooq
:‘m ‘ g° ?9( ey 3
. - o gPg® Y ¢ oy
+1.00 4...... 0 s ZhEes
+0.95~+1.17 &V 2
B o0 ¥ e, O d
ol L% f.g{)u}} oF A%y,
ok oo ¢ BPA
(:\. CO,+ H,0

Fig. 5. (a) Intrinsic mechanism of selective O,

Chinese Chemical Letters 37 (2026) 112318

(b)

-~ Hole oxidation
free ’Oz\

desorphon % - Direct attack

""f ——Cooperation of 10,
H IPA W i and water bridge
0, %40, 0, H,o2

IPA

nitrogen

Vacancy cvano group

generation by doped g-C3N4 with double oxygen. Reproduced with permission [113]. Copyright 2019, Elsevier. (b) Multi-path

mechanism of photocatalytic g-C3N4 generation of H,0,. Reproduced with permission [114]. Copyright 2021, American Chemical Society.

the generation of h* and radical reaction intermediates (RFR), re-
spectively. Five feasible pathways were identified using DFT, among
which the water-molecule-bridge-mediated 10, pathway (with an
energy barrier of 0.66eV) was found to be optimal (Fig. 5b), out-
performing the conventional h*-dominated pathway (energy bar-
rier of 0.82 eV). The central role of 10, was further validated exper-
imentally, with EPR and RRDE results indicating that O,"~ acts as
an intermediate, while 10, contributes to 64% of H,0, generation,
revealing the multifacetedroles of active species in photocatalysis.

These findings collectively demonstrate that DFT and TDDFT are
powerful tools to elucidate the formation mechanisms of various
reactive species by correlating electronic structure with catalytic
performance. This approach not only rationalizes experimental ob-
servations but also enables targeted optimization of catalysts for
selective activation of desired species in AOPs.

4.2.4. Reaction energy barriers and thermodynamic analysis

In PS-AOPs, the low generation efficiency and selectivity of 10,
are key factors limiting the effective degradation of antibiotics.
To improve the selectivity of PMS activation and promote non-
radical pathways, Shen et al. [116] explored the regulatory mech-
anisms of non-metal doping on the reaction energy barriers and
thermodynamic processes of PMS activation using DFT. The au-
thors employed VASP software to calculate the energy evolution
of HSO5™ adsorption configurations and activation pathways in dif-
ferent doped systems (B/S/P-Fe;/GLCNs). They found that B doping
significantly reduced the activation energy barrier for PMS decom-
position (AE=0.78eV), whereas the energy barriers for S/P-doped
systems increased to 1.24eV and 1.32 eV, respectively. Thermody-
namic analysis showed that the B-FeN3B sites in Fe;/GLCNs ex-
hibited a much lower HSOs5" adsorption energy (—2.08eV) com-
pared to the undoped system (—1.45eV), and the Gibbs free en-
ergy of the reaction (AG) was reduced to —1.92 eV, confirming its
thermodynamic spontaneity and high efficiency. A transition state
(TS) search revealed that B-doping induces PMS adsorption in a
Type Il configuration, resulting in a 36% reduction in the O-O
bond cleavage energy barrier compared to the Type I configura-
tion, along with a decrease in electron transfer potential along the
reaction pathway, thereby accelerating the kinetics of 10, genera-
tion and increased its yield by 62 %. These calculations aligned well
with XPS and EPR experimental results, revealing the atomic-scale
mechanism by which non-metal doping modulates the electronic
structure to reduce the reaction energy barrier and optimize the
thermodynamic driving force, thus facilitating the preferential for-
mation of non-radical pathways.

DFT can also elucidate the atomic-scale mechanisms under-
lying the selective modulation of activation pathways by differ-
ent metals through analysis of the reaction energy barriers and

thermodynamic processes in PMS activation catalyzed by single-
atom catalysts (MeN@C). Hu et al. [53] investigated PMS adsorp-
tion configurations and energy evolution of activation pathways
in metal-doped systems including Mn, Fe, Co, Ni, and Cu. They
found that high-valent metal-oxygen species (e.g., FeN=0, MnN=0)
have significantly lower formation energy barriers compared to
other reactive species. Specifically, the energy barriers for forming
high-valent species in MnN@C and FeN@C were only 0.25eV and
0.48 eV, respectively, while those for CON@C, NiN@C, and CuN@C
ranged from 1.66eV to 2.79 eV, suggesting that Mn and Fe systems
are thermodynamically more favorable for forming reactive inter-
mediates through heterolytic pathways. Furthermore, analysis of
AG revealed that the electron transfer-mediated surface-activated
PMS* pathway required no energy input, and the system’s work
function significantly increased after PMS adsorption, for instance,
NiN@C increased from 4.12eV to 5.33eV, further confirming its
thermodynamic spontaneity advantage.

4.3. Mechanism deepening and model optimization in
theory-experiment synergy

Although DFT plays a crucial role in rational catalyst design and
the analysis of pollutant degradation mechanisms, its true value
can only be fully realized through deep integration with experi-
mental observations [117], forming a dynamic closed-loop system
of "theoretical design — experimental verification — iterative op-
timization" (Fig. 6) [111,118-120]. In real-world systems, theoret-
ical models often exhibit prediction errors due to environmental
complexity (e.g., pH/ion strength fluctuations), transient interme-
diates, and material synthesis deviations, necessitating continuous
calibration using experimental data [121]. This synergistic mecha-
nism not only validates the reliability of computational models but
also deepens mechanistic understanding and enhances prediction
accuracy through iterative optimization, ultimately enabling pre-
cise control of catalytic systems.

4.3.1. Novel catalyst design

Selectively generating active species and balancing activity with
stability remain fundamental challenges in developing advanced
catalytic materials. Overcoming these limitations requires a deep
understanding of the atomic-scale relationship between catalytic
site structure and function, along with the design of tunable syn-
ergistic mechanisms to simultaneously enhance both activity and
stability.

DFT enables rational active site design through multiscale mod-
eling, offering a transformative approach. For instance, guided by
DFT, Zhang et al. [122] constructed a core-shell catalyst featur-
ing a highly graphitized shell layer and short C-Fe bonds bridging
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two reaction centers. This design achieved synergistic optimiza-
tion of electron transfer and reaction kinetics. Compared to un-
optimized samples, the catalyst significantly enhanced norfloxacin
degradation performance: degradation efficiency increased from
68.9% to 93.8%, and the reaction rate constant nearly doubled
(0.0275 vs. 0.0109 min~!). Additionally, MORANKAR et al. [123] used
DFT to systematically compare Fe-N-C catalyst structures — includ-
ing zigzag edges, bulk, and aggregated FeN, sites. DFT guidance
led them to propose an atomic-level modulation strategy: opti-
mizing active site exposure by adjusting catalyst morphology (e.g.,
extending edge length), and balancing redox kinetics by regulat-
ing the operating potential window. This "computational guidance-
experimental validation" approach establishes an atomic-resolution
framework for designing selective and stable catalysts, highlighting
DFT’s indispensable role in next-generation catalyst innovation.

4.3.2. Solvent effects and kinetic simulations

The multi-scale integration of DFT and kinetics not only quanti-
fies the influence of solvent effects on reaction pathways, but also
dynamically calibrates theoretical models with experimental data,
achieving mechanism closure from electronic structure to macro-
scopic kinetics. This provides accurate theoretical support for the
design of highly efficient oxidants. For example, Wang et al. [124]
simulated the Fe(Il)-peroxyacid (POA) reaction mechanism in aque-
ous solution by incorporating solvent effects and kinetic simula-
tions via DFT. The authors calculated ligand coordination modes,
0-0 bond dissociation energy barriers, and kinetic parameters for
the hydrogen atom transfer steps between Fe(Il) and various POAs
(e.g., PFA, PAA, and PPA), as well as H,0,, with a focus on the sol-
vent effect in aqueous media. The DFT-calculated O-O bond dis-
sociation energies for POAs (40-40.5kcal/mol) were significantly
lower than that of H,0, (46 kcal/mol), resulting in a much lower
reaction energy barrier (8-10kcal/mol vs. 13.6 kcal/mol), thereby

explaining the higher reactivity of POAs. Further stepwise thermo-
dynamic analysis indicated that O-O bond cleavage is the rate-
determining step. Moreover, the bidentate coordination pathway
— featuring synergistic binding of the carbonyl oxygen and peroxy
oxygen — was identified as the key mechanism underlying the high
selectivity of POAs due to its lower energy barrier. Combined with
experimental evidence that Fe(IV) is the dominant reactive species,
these findings elucidate the molecular basis for the minimal con-
tribution of reactive species in the POA system.

5. Results and outlook

This review systematically demonstrates the central role of DFT
in overcoming the technical bottlenecks of advanced oxidation
degradation technology for antibiotics. DFT overcomes the limita-
tions of traditional experimental methods by precisely analyzing
the structure-property relationships of catalysts, the mechanisms
of active species formation, and the degradation pathways of
pollutants at the atomic scale. In AOPs such as PC, EO, and PS,
DFT can precisely predict active site configurations, E,q, and
interfacial electron transfer pathways. Further integration with
the Fukui index and molecular orbital analysis enables qualitative
identification of reactive sites on antibiotic molecules, predicting
degradation pathways and the evolution of intermediates. Most
importantly, DFT and experimental validation are deeply synergis-
tic, establishing a closed-loop research paradigm of "computational
guidance — experimental validation”, which can effectively guide
catalyst design and reaction system optimization, significantly
enhancing the efficiency of AOPs in degrading antibiotics.

Despite the remarkable progress DFT has made in AOPs, several
challenges hinder its broader application. Most existing studies
still focus on single-radical degradation pathways, whereas actual
reaction processes often involve non-radical mechanisms and
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synergistic interactions among multiple reactive species, whose
microscopic mechanisms remain insufficiently understood. Addi-
tionally, simulating dynamic electron transfer in heterogeneous
catalytic systems remains difficult, as traditional DFT methods
based on adiabatic approximations struggle to capture electron
behavior in excited or transition states, and the treatment of non-
adiabatic effects and solvent interactions remains underdeveloped.
Furthermore, current DFT calculations often rely on idealized
models, limiting their ability to accurately reflect the complex and
dynamic nature of aqueous environments, such as fluctuations
in pH, temperature, ionic strength, and competitive adsorption
— thereby reducing their effectiveness in guiding experimental
research. To address these limitations, future research should focus
on: (1) Deepening multi-scale mechanism analysis by coupling
non-adiabatic molecular dynamics with TDDFT to dynamically
simulate electron excitation, migration, and reactive species gener-
ation; (2) enabling data-driven intelligent catalyst design through
the integration of machine learning and high-throughput comput-
ing to build a "catalyst structure-—electronic properties-degradation
performance" database; and (3) expanding the dimensions of sus-
tainability assessment by extending DFT applications to predict the
toxicity of degradation products, and incorporating life cycle as-
sessment to evaluate the environmental risks and carbon footprint
of AOP technologies — ultimately promoting their transformation
toward green and practical engineering applications.
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